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ABSTRACT Molecular dynamics simulations offer insights into macromolecular structures and functions
through extensive time-series atomic data. Two widely used metrics for assessing these simulations are
RMSD and RMSF. While RMSD measures conformational convergence, it suffers from degeneracy,
where different conformations can produce identical values relative to a reference. RMSF indicates
relative mobility but lacks temporal specificity. As both metrics provide only global perspectives, there
is a pressing need for novel metrics to capture local flexibility with temporal resolution. We introduce
GEODES, a novel complementary 3D geometrical descriptor approach, and compare its effectiveness
with conventional analyses using RMSD and RMSF. Through molecular dynamics simulations of the
vitamin D receptor trimeric complex, we demonstrate that GEODES significantly enhances the molecular
dynamics analysis workflow, offering deeper insights into the structural dynamics and interactions of
this complex. This innovative and versatile approach holds great promise for applications in drug
discovery, structural biology, and bioinformatics. The GEODES Python3 script toolbox is available at
https://github.com/rinnifox/GEODES

INDEX TERMS Calcitriol, GEODES, geometrical descriptors, local and global stability, molecular
dynamics trajectory analysis, RMSD and RMSF, structural flexibility, temporal and spatial dynamics,
transcriptional coactivator, vitamin D receptor.

I. INTRODUCTION

Molecular dynamics (MD) simulations have become a
standard technique for understanding macromolecular
structure-function relationships [1]. These simulations
generate trajectories, time-series data of atomic coordinates,
which can be analyzed using statistical mechanics to
predict biomolecular behavior or compare with experimental
data [2]. Modern computational advances now enable MD
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trajectories spanning microseconds [3] to milliseconds [4],
with simulated systems of millions of atoms producing
multi-terabyte trajectory files. Processing these large files
has become a bottleneck in computational workflows [5],
which requires new analysis approaches since frame-by-
frame exploration is no longer practical [6]”

Two key parameters have been established for tradi-
tional MD trajectory analysis. One, the root-mean-squared
deviation (RMSD), quantifies the distance between two
aligned biomolecules [7]. In MD analysis, RMSD (Equa-
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tion 1) typically measures the dissimilarity of the trajectory
conformational ensemble to a selected reference, providing
insight into overall movement from the initial point [8].

N
1
RMSD() = | = > (rit) = /)2 1
i=1
where N is the number of atoms in the selection, rl.r of is atom

i’s 3D position at the reference time, and r;(¢) is atom i’s 3D
position at time ¢ after superimposing the system onto the
reference frame. For large systems, the calculation can be
accelerated by restricting the atom set to only e-carbons (Ca).

While stable RMSD values may indicate conformational
convergence, this metric suffers from degeneracy, as multiple
conformations can have the same Co-RMSD relative to
the reference frame, potentially masking exploration of new
equidistant states. An alternative is computing all pairwise
RMSD (2D-RMSD), which is more time-consuming [9].
Although widely used, RMSD lacks information about local,
temporal dynamics and does not fully capture actual binding
modes in molecular docking comparisons to experimental
observations [8]. RMSD is primarily a time-related global
descriptor of 3D structure variations during simulation.
These limitations necessitate complementary tools to address
missing features in MD trajectory analysis.

Complementary to RMSD, the root-mean-square-
fluctuation (RMSF) (equation 2) measures the displacement
of a particular atom or group of atoms relative to the reference
structure throughout the simulation [10]. For amino acid
residue j:

1 4 re,
72 <=2 > )

t=1

RMSF; =

where T 1is the trajectory time over which the RMSF is
calculated, s the 3D position of atoms in residue j
at the reference time, rj(t) is their position at time ¢ after
superposition onto the reference structure, and angle brackets
indicate averaging over the selected atoms in residue j.

RMSD quantifies structural divergence from a reference
over time, while RMSF highlights the most mobile areas
relative to the reference frame. However, RMSD lacks
information on specific local movements, and RMSF does
not indicate when these movements occur. Therefore, both
are global metrics, pointing to the need for establishing new
metrics that address local dynamics over time.

Protein structures have been described using qualitative
approaches, which include amino acid sequences, functions,
folding types, secondary structure content and quantitative
descriptors. Quantitative descriptors, that can be either
calculated or experimentally determined, provide more
detailed information [11], including volume [12], surface
area [12], physico-chemical [13], and structural descrip-
tors [14], [15]. These descriptors are primarily applied for
protein classification systems, where the two most common
are the structural classification of proteins (SCOP) [16] and
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classification-architecture-topology-homology (CATH) [17].
Studies have explored various applications of descriptors to
protein classification [11], [18], [19], [20]. Other applica-
tions include identifying binding sites [21], protein-ligand
interactions [22], and nanoparticle-protein interactions [23].
However, descriptor-based approaches remain limited in MD
simulation analysis.

In this study we introduce GEODES, a novel 3D geo-
metrical descriptor approach, comparing it to conventional
RMSD/RMSF analyses. Our findings show that GEODES
significantly complements classical MD simulation analysis
workflows. We demonstrate its effectiveness by analyzing
multiple MD simulations of the vitamin D receptor (VDR)
trimeric complex, including a coactivator peptide and cal-
citriol as a ligand. VDR, activated by calcitriol, belongs to
the nuclear receptor (NR) family of transcription factors with
canonical domain organization [24]. This includes DNA-
and ligand-binding domains (LBDs), with the latter crucial
for ligand binding, coactivator interactions, and receptor
heterodimerization [25]. VDR plays diverse roles in 37 tis-
sues [26], from regulating calcium/phosphate homeostasis
in bone development [27] to influencing cellular processes
and immune response [28], [29]. VDR’s versatility makes it
an intriguing target, as understanding its structural dynamics
and interactions is essential to studying its diverse molecular
functions. Introducing GEODES for VDR analysis enhances
our understanding of this receptor while highlighting the
approach’s applicability. We anticipate GEODES will have
implications in drug discovery, structural biology, and
bioinformatics.

Il. MATERIALS AND METHODS

A. MOLECULAR DYNAMIC SIMULATIONS

MD simulations used trimeric complexes of human VDR
(hVDR), calcitriol, and steroid receptor coactivator-1 (SRC-
1/NCOA1), based on the refined hVDR-calcitriol complex
(PDBID: 1DB1) (Figure 1). This hVDR model had higher
resolution and fewer missing residues than the original 1DB1
(Rochel N., personal communication). Missing residues (118,
119, 375-377, 424-427) were added using MOE software
suite (Chemical Computing Group, ULC) with subsequent
minimization. The lack of SRC-1 peptide from 1DB1 was
addressed by superimposing a rat VDR-MEDI1 peptide
complex (PDBID: 1RK3) and its subsequent mutation to
yield hSRC-1. The hSRC-1 NR interaction domain contains
three LXXLL-motifs that bind to VDR LBD, referred to as
L1 (LVQLL), L2 (LHRLL) and L3 (LRYLL) (Figure 1A).
The full hSRC-1 sequence was retrieved from UniProt
(Q15788).

Complexes were prepared using the Maestro Suite
(Schrodinger, LLC), including preprocessing steps such as
the addition of hydrogens, missing side chain filling using
the Prime module, H-bond optimization with PROPKA at
pH 7.0, and energy minimization of the whole complex.
MD simulations were performed using the Desmond package
with the OPLS3e force field. The complex was placed in a 61
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hVDR-SRC1-L2-calcitriol
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FIGURE 1. Proteins complexes used for MD simulation. (A) SRC-1,

a member of a p160 coactivator family, is a multidomain protein
containing various functional domains and motifs. The three LXXLL
motifs, where L is leucine (highlighted with small red dots in the
sequences) and X any amino acid, are located in the middle of the protein
and here colored in green (L1 motif), blue (L2 motif) and orange (L3
motif). (B) The initial hVDR complex used for MD simulations is based on
1DB1 structure complexed with calcitriol. (C) The three motifs (L1, L2 and
L3) were added to the VDR-calcitriol complex yielding to three distinct
complexes, the trimeric complex of VDR, calcitriol and coactivator
interaction motif: hVDR-SRC-1/L1-calcitriol, hVDR-SRC-1/L2-calcitriol and
hVDR-SRC-1/L3-calcitriol.

hVDR-SRC1-L3-calcitriol

A x 69 A x 86 A orthorhombic simulation box with TIP3P
molecules, retaining crystallographic water. The system was
neutralized with Na* ions and energy-minimized using the
default protocol for 100 ps. Subsequently, 10 ns MD sim-
ulations were performed for three hVDR complexes at 300
K and 100 kPa using the NPT ensemble. Temperature and
pressure were controlled using the Nose-Hoover thermostat
and the Martyna-Tobias-Klein barostat, respectively, with
a 2 fs integration time step. After simulation, every 10th
frame was extracted from the aligned trajectory, resulting in
101 frames, excluding water molecules and Na* ions. The
10 ns simulation duration was chosen based on extensive
previous studies of NR LBDs, which demonstrated that this
timescale allows for sufficient sampling [30], [31], [32].
The validity of this duration is further supported by (1)
RMSD convergence reaching stable plateaus, (2) observation
of distinct dynamic behaviors between complexes differing
only in CoA peptide sequence, and (3) capture of biologically
relevant conformational changes documented in the literature
for NRs.

B. THE GEODES DESCRIPTORS

The GEODES toolbox was developed as a Python3 package
that computes 14 types of 3D protein descriptors categorized
into three groups: auxiliary, coordinate-derived, and DSSP-
derived (Table S1). Two auxiliary descriptors, i) the center of
mass (COM) of a protein (COMprot) and ii) of the helices
(COMy;) are used to calculate the main descriptors but are
excluded from further analyses.
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Coordinate-derived descriptors include length of helix H;
(ANCy;), angles between two helices H; and H; (GH,,,HI.),
distances between their COMs (ACOMH[»J{]-), distances
between the COMprot and helix H; (ACOMyyy 1;), and
angles between COMprot and helices’ N- and C-termini
Ca-atoms (9NCH,-,C0M,,M)- Helix N- and C-termini were

determined using Kpax software [33], based on 45 refined
hVDR structures from PDB (as of February 2021). This
combined approach improves accuracy in several ways.
Kpax assignments provide a robust baseline for consistent
secondary structure definition across all frames. This is
particularly important for coordinate-derived descriptors that
require stable reference points. Meanwhile, DSSP’s frame-
by-frame analysis captures genuine structural transitions that
might be missed by using a static assignment alone. The
complementary nature of these methods - Kpax’s stability
and DSSP’s sensitivity to local changes - ensures that
our descriptors can both reliably track consistent structural
elements and detect meaningful conformational changes.
This is evidenced by our ability to detect both stable
core regions and dynamic elements in the VDR structure,
as demonstrated by the correlation between our geometric
descriptors and observed protein dynamics. Structural align-
ment with Kpax yielded a consensus secondary structure
model of twelve long and two short helices (Table S2).
Additional NR-specific “charge clamp” descriptors include:
1) Ores; j . angle between “charge clamp” residues i, j and a
lysine k from helix H4; 2) Ares; j: pairwise distances between
Ca-atoms in this triad; 3) ACOM,,mt,resii distances from these
Ca-atoms to COM,,,. For hVDR, the ‘“charge clamp”
residues are K246 and E420, with K264 serving as an
additional triad residue (as listed in Table S1). The ‘“‘charge
clamp” is crucial for coactivator binding, while K264 sta-
bilizes H12, indirectly affecting coactivator interaction [34],
[35]. These NR-specific descriptors can be easily customized
or excluded for other proteins.

The third group of GEODES descriptors is based
on the Dictionary of Secondary Structure of Proteins
(DSSP) algorithm [36]. However, DSSP assignments show
frame-dependent variability within trajectories (Table S2).
To address this, a combined approach was implemented
such as 1) establishing a consensus structure for consistent
descriptor calculation; ii) usage of Kpax assignments for
coordinate-derived descriptors and iii) formation of separate,
flexible descriptor group for DSSP assignments to capture
frame-to-frame variability. This approach balances consis-
tency with the ability to detect important differences in helix
assignments. For DSSP helical assignments, both “H” for
a- and “G” for 3'%-helices were considered.

To highlight discrepancies between Kpax and DSSP
secondary structure assignments, three specific descriptors
were introduced: 1) DSSPstarty, and 2) DSSPendy, reflect
differences in helix termini assignments. Specifically, for the
N-terminus, we calculate the DSSP assignment minus Kpax
assignment, and for the C-terminus, the Kpax assignment
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minus DSSP assignment. Therefore, a positive value (+)
indicates additional length in the Kpax assignment, while a
negative value (-) indicates a shorter Kpax assignment. The 3)
descriptor Ny, points to total residues considered as helical
by DSSP but not by Kpax.

Additional DSSP-based descriptors include the solvent
accessibility area per helix (ACCy;) and the secondary
structure elements (SSE) content.

All distances are computed as Euclidean distances using
3D coordinates of either Ca-atoms or COM, depending on
the descriptor.

The 6y, ; are computed based on formula for calculation
of angle between two vectors, where each helix was
represented as a vector using the terminal Ca-atoms:

A, B
6 = arccos| —— 3)
|Hi||H;j|
where I-Z-, I-TI] are the two vectors representing helices H; and
Hj, and |H;|, |H;| are the magnitudes of these two vectors.

Each type of descriptor in Table S1 results in many features
depending on the number of helices.

C. THE DATA ANALYSIS PIPELINE

RMSD and RMSF data for 101 frames were extracted from
Desmond [37] as raw values for all Ca-atoms relative to the
initial frame. 2D RMSD-arrays, which are pairwise RMSD-
matrices M (d; j), where d;; is the RMSD distance between
frames i and j, were calculated for «-helices only using
the Schrodinger script rmsd.py. Helical regions from the
Kpax consensus secondary structure were used for alignment.
RMSF data were computed for helical regions, with residues
grouped per helix and averaged.

For hVDR with 14 helices, the GEODES toolbox gen-
erated 284 geometrical features, computed for each frame
and trajectory separately. Each trajectory was represented as
a (101 x 284) matrix organized with rows as frames and
columns as features. Features with constant values across all
frames were removed, resulting in 281, 280, and 279 features
for VDR-CoA complexes containing SRC-1/L1, SRC-1/L2,
and SRC-1/L3 motifs respectively (referred to as L1, L2,
and L3 complexes). Data processing included standardization
of feature values by removing the mean and scaling to unit
variance.

(xi — )
Y

“

where z; is a standardized value of the feature for frame i,
X;, the original value computed for frame i. x, the mean

%=

no= ﬁZ?’:m and o, the standard deviation o =

v/ IL\, Zf\’: 1 (i — w)? of the values taken by this feature over

the total number of frames V.

Hierarchical agglomerative clustering (HAC) was applied
to both RMSD and GEODES data, a classical approach for
trajectory analyses [37], [38]. Using scikit-learn on the full-
scale dataset, HAC parameters were optimized for silhouette
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score. For RMSD data, complete linkage was optimal for
L1 and L2 complexes (scores 0.186 and 0.134), while
average linkage was best for L3 complex (score 0.136),
using precomputed distance as the metric. For GEODES
data, complete linkage was optimal for L1 and L3 complexes
(scores 0.170 and 0.081), and Ward linkage for L2 complex
(score 0.103), using Euclidean distance as the metric. For
both datasets, the optimal number of clusters was two for each
complex L1, L2 or L3. HAC results were visualized using
scikit-learn Principal Component Analysis (PCA) with two
principal components. The effectiveness of different linkage
methods relates to the underlying characteristics of the
conformational ensemble subjected to clustering. Complete
linkage, which performed best for L1 and L2 RMSD
data, is particularly effective when clusters are relatively
compact and well-separated, suggesting these complexes
exhibit distinct conformational states. The superiority of
average linkage for L3 RMSD data indicates more gradual
transitions between conformational states. For GEODES
data, Ward linkage’s effectiveness with the L2 complex aligns
with its more stable behavior, as this method excels at
minimizing within-cluster variance. To compare RMSD and
GEODES approaches, the following methods were applied.
First, the Rand index between HAC results was computed
to assess cluster assignment similarity. Then, a comparison
of 1D-arrays was made reflecting differences between each
subsequent frame and the initial frame. The RMSD 1D-array
was taken from the first row of the RMSD 2D-array,
while the GEODES 1D-array included the n-dimensional
Euclidean distances from each frame to the initial one.
Pearson correlation was then computed between the two
arrays. Finally, the Mantel test, with 10,000 permutations
and Pearson correlation, was used to assess the correlation
between the 2D RMSD- and GEODES arrays.

RMSF values were compared to the GEODES approach as
follows: features were sorted by their quartile coefficient of
dispersion (QCD):

Q3 -0l

- 03+ 01’
where Q1 and Q3 are the upper thresholds for the first
(25% lowest values) and third (75% lowest values) quartiles,
respectively. The QCD distribution for all features was
visualized with a violin plot for each trajectory (Figure S2).
Features with QCD above the third quartile were classified
as flexible, while those below the first quartile were deemed
stable. Unique descriptors with differential stability were
then identified for each trajectory, and the resulting list was
compared to RMSF data grouped by helices.

QCD )

Ill. RESULTS

A. GEODES APPROACH AS A TOOL FOR MD TRAJECTORY
ANALYSIS

MD simulations of VDR-SRC-1 complexes were analyzed
using RMSD for global stability and RMSF for local
flexibility throughout the simulation. RMSD data (Figure 2A)
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FIGURE 2. Molecular dynamics trajectory parameters. (A) RMSD of three
trajectories built upon Desmond raw data with respect to the initial
frame. (B) RMSF of three trajectories built upon Desmond raw data
compared to the initial frame. The secondary structure of hVDR is
depicted below with helices represented as cylinders. The most flexible
regions are highlighted in the expanded boxes.

shows L2 complex as the most stable, reaching a 1.7A plateau
after a mid-simulation jump. L1 and L3 complexes exhibit
less stability, fluctuating around 2.4A towards simulation
end. L1 appears to reach a local energy minimum, while
L3 passes through a 2A local minimum before increasing
to 2.5A by simulation end. RMSF analysis (Figure 2B)
shows low fluctuation levels in helical regions and higher
peaks in loops across all trajectories, as expected. However,
some loops show trajectory-specific variations such as the L3
complex, which exhibits the highest fluctuations in the 156-
164/216-224 region, near the flexible VDR-specific insertion
domain (165-215) absent in the crystal structure [34]. The L1
complex shows the strongest fluctuation in the loop between
HS5 and H6 (288-293), while the L2 complex peaks in the loop
H9-H10 (371-380). Despite these differences, the trajectories
generally display similar behavior in both structured and
unstructured regions. While this analysis effectively shows
global complex stability and local fluctuations in unstructured
regions, it does not provide information on geometric varia-
tions (angles, distances) involving distinct locally structured
regions considered stable by RMSF. Such additional data
could be valuable for analyzing local conformational changes
over time, including allosteric effects upon ligand-binding or
CoA-recruitment [39].

We therefore compared GEODES versus classical RMSD
data for MD trajectory analysis. GEODES descriptors derive
primarily from the length and relative positions of hVDR’s
14 a-helices. GEODES method was applied to each hVDR
frame of each MD trajectory and subsequently HAC was
applied to both GEODES and RMSD data. Both data
types yielded for each trajectory two clusters under optimal
hyperparameters, with Rand indices of 0.980 (L1), 0.923
(L2), and 0.961 (L3) between cluster assignments. This high
similarity indicates that GEODES captures patterns similar
to the RMSD data. Figure 3 shows 2D-PCA visualization of
101 frames from 10 ns MD simulations of L1, L2, and L3
complexes, possible only with GEODES multi-dimensional
vector representation. The cluster analysis shows a clear
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FIGURE 3. Visualization of frames from L1, L2 and L3 MD trajectories by
2D-PCA of GEODES data. Plotted frames are colored based on their
timestamps, ranging from light yellow at the beginning of the simulation
to dark blue at the end. Cluster assignments are indicated by the shape of
the points: crosses for cluster 1 and circles for cluster 2.
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FIGURE 4. Comparison of RMSD and GEODES 1D-arrays. (A) Curves
computed from the distance between the given frame and the initial one
for RMSD (left) and GEODES representation (right). (B): Scatter plots
representing the dependency between the GEODES and «-helical Ca
RMSD curves for L1, L2 and L3 complexes (from left to right.

pattern: Cluster 1 contains primarily the early frames of
the trajectory (represented by lighter colors), while Cluster
2 predominantly consists of later frames (represented by
darker colors). Detailed dendrogram analysis shows some
differences between GEODES and RMSD data (Figure S1)
for instance frame 6 of L2 trajectory clustered with
mid-trajectory frames 46, 51, and 53 in GEODES but not
RMSD data. This analysis provides a starting point for using
GEODES to complement RMSD data.

1D- and 2D-arrays representing RMSD and GEODES data
were compared using Pearson correlation coefficient and
Mantel test, respectively. We first examined the correlation
between the 1D-array of a-helical RMSD (A) between all
trajectory frames and the initial one, and the GEODES-array
of Euclidean distances between the same frames in multi-
dimensional space (Figure 4A). Pearson correlation coeffi-
cients showed strongly positive linear correlations between
a-helical RMSD and GEODES representation (Figure 4B),
with L2 complex showing the highest (r=0.885) and LI
complex the lowest (r=0.784) correlation. We then compared
2D-arrays of pairwise distances between frames, using
either o-helical Coe RMSD or Euclidean distance between
GEODES values (Figure 5SA-B). The Mantel test showed
lower correlations than 1D-arrays, as expected due to the
increased number of data points and noise. However, values
remained above average, with L2 complex showing the
highest (r=0.749) and L3 complex the lowest (r=0.659)
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FIGURE 5. Comparison of GEODES and RMSD 2D-array representations
for L1, L2 and L3 complexes. (A) GEODES 2D-array and (B) RMSD 2D-array
(Ca-helices only). Mantel test correlation coefficients for L1, L2 and L3 are
0.697, 0.749 and 0.659, respectively (p-value = 10~4). (C) Correlation plot
between GEODES and RMSD matrices where each point represents a pair
of frames with their corresponding GEODES and RMSD values.

Mantel correlation coefficient. To visualize Mantel test
results, we flattened the upper triangular portions of both
2D-arrays and displayed their relationship as a scatter
plot (Figure 5C). The Pearson correlation coefficients for
these flattened representations matched the Mantel test
values, confirming moderate positive correlation between
GEODES and RMSD 2D-arrays. The L2 complex, with the
most stable MD trajectory (Figure 2), shows the highest
correlation between RMSD and GEODES approaches in both
1D- and 2D-array analyses. Conversely, the less stable L1 and
L3 complex trajectories exhibit lower correlations between
RMSD and GEODES. This suggests that the two methods
can capture different aspects of conformers, particularly
when conformers are numerous and diverse throughout the
trajectory.

B. GEODES APPROACH AS A TOOL FOR DETECTING
LOCAL FLUCTUATIONS

This section illustrates how the GEODES approach comple-
ments RMSD and RMSF metrics for studying local structural
changes over time. RMSF analysis, restricted to «-helices
like GEODES data, reveals that helix H3n shows maximum
fluctuation across all trajectories, followed by helices Hx,
H2, and H10 (Figure 6). The high flexibility of helices H2,
H3n, and Hx is due to their short length (up to four residues).
The high fluctuation of helix H10 is the result of the absence
of its stabilizing partner, the retinoid X receptor. Helices
H3-HS5 and H8 maintain the lowest fluctuation levels for
all the trajectories. Specific trends include high fluctuations
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FIGURE 6. Comparison of hVDR per-helix RMSF for L1 (yellow), L2 (blue)
and L3 (green) complexes.

in H9 and H12 for L1 complex, H3n for L3 complex, and
HI11 for both L1 and L3 complexes. L2 complex shows no
extreme local fluctuations beyond those shared with L1 and
L3, aligning with its overall stability according to RMSD
data.

To compare GEODES with RMSF data, we assessed
GEODES data variability excluding extreme values and
outliers. We computed QCD for each feature using raw
(non-standardized) values, sorted them in descending order,
and evaluated QCD distribution (Figure S2). Features with
QCD above the third quartile were labeled ‘flexible’, while
those below the first quartile were deemed ‘stable’. The
QCD distributions were similar across trajectories, yielding
71 flexible and 71 stable features each, though not identical
between trajectories. Combining these subsets resulted in
91 flexible and 96 stable features total. Figure 7 shows
specific (A,B) and shared (C,D) features across trajectories
(for full list see Tables S3-S6). Over half the features are
shared: 55/91 flexible and 49/96 stable.

Shared flexible features (Figure 7C, Table S5) primarily
represent angles between helices 0p; 1; (34 features), solvent
accessibility of helices ACCy; (10 features), and angles
formed by helix ends with protein COM Oncy, . com,,, (4
features). Shared stable features (Figure 7D, Table S6)
are primarily DSSP secondary structure assignments (26
features) and distances between helix COMs (ACOMpy;, H;
10 features). The latter also appears among flexible features
but for different helices. Angles between helices (Om; n;:
6 features) are the third most common stable feature, also
present in flexible features for different helix pairs.

Trajectory-specific flexible features analysis (Figure 7A,
Table S3) reveals L1 complex-specific features mostly related
to helix H12, consistent with RMSF analysis (Figure 6).
L1’s flexible ACCy7 suggests ligand-binding pocket (LBP)
movements undetected by RMSF. For L2, the flexible
ACOMpppy.respiyy 1INVOlVes a “charge clamp” residue, while
flexible ACOM,,;; 5 contrasts with H5’s RMSF stability.

For L2 complex, the distance Acom,,,,resg49> 1DVOlVing
one of the two “charge clamp” residues, reveals variability
not detectable by RMSF analysis. Furthermore, GEODES
shows ACOMyy,,p5 as a flexible feature in L2, despite
RMSF indicating HS as one of the most stable helices across
all complexes, along with H3 and HS.
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FIGURE 7. Trajectory-specific (upper panels) and shared (lower panels)
GEODES features. Trajectory-specific panel shows the features that are
unique for each trajectory for flexible (A) and stable (B) feature subsets.
Shared features panel displays the feature types and their counts in the
intersection across all the trajectories: 55 features for flexible features
subset (C) and 49 features for stable features subset (D).

For the L3 complex, three features relate to helix H3n,
aligning with RMSF data in Figure 6. Trajectory-specific
stable features (Figure 7B, Table S4) predominantly involve
distances between helices ACOMHI.,Hj, also prevalent in
shared stable features. These align with RMSF data, often
involving stable helices H2, H4, HS, and H8. Helices H2,
H3n, H10 and Hx, flexible in RMSF analysis across all
complexes, rarely appear in stable GEODES trajectory-
specific features. When present, they are typically paired
with more stable helices e.g., H5-Hx for L1, H4-10 for
L3. Notably, some features involving only flexible helices
emerge, such as ACOM,o gy, in L1, DSSPyqpm,, in the
L1/L2 intersection, and ACOMpy, p,, in L3 complex.

All these findings demonstrate GEODES’ ability to
provide additional insights beyond RMSF analysis, revealing
complex-specific behaviors and movements of particular
structural elements.

C. GEODES ALLOWS FOR CLEAR VISUALIZATION OF THE
PROTEIN FEATURES AND THEIR DYNAMICS

Geometric features such as distances and angles are easily
visualized in PyMOL [40], a popular structural bioin-
formatics software with extensive scripting capabilities.
Figure 8 illustrates two flexible features: angle 6ys py
(panels A and C) and distance ACOMp s (panels B
and D). Angle 6ys gy is the most flexible feature shared
across all trajectories (Figure S3, Table S5). It changes
drastically during simulation: from 0.9° in frame 22 to
29.5° in frame 55 for L3 complex (Figure 8C). Figure 8A
visualization (with coordinate lists in Table S7) shows that
this movement primarily results from helix Hx fluctuations,
which exceed 1A across several coordinates. Meanwhile,
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FIGURE 8. Visualization of the selected descriptors within the L3 complex
and L2 complexes. (A) Angle 65 1y, observed in the frames 22 and 55 of
L3 trajectory. (B) Distance ACOM‘,,.,,U.,5 observed in the frames 20 and

78 of L2 trajectory. Note that location of COMp,o; coincides with the

location of H5. (C) Angle 65 15 behavior across the trajectory (markers

show the values of the descriptor in the selected frames). (D) Distance

ACOMpot 1, behavior across the trajectory (markers show the values of
»Hs

the descriptor in the selected frames).

helix H5’s position remains nearly constant, with less than
0.2A movement across all coordinates, which is consistent
with the RMSF analysis (Figure 6). Conversely, visualization
of distance ACOMy,;; g5 (Figure 8B, Table S8), a flexible
trajectory-specific feature for L2 complex, shows flexibility
primarily due to COMys movement, despite H5’s stability in
RMSF analysis (Figure 6). The most notable change occurs
between frames 20 and 78 (Figure 8D), where COMps
shifts by ~0.4-0.9A across all coordinates. The protein’s
COM shifts only 0.11A in x-coordinate and less in others,
suggesting H5 drives the 28.4% increase in ACOM o, Hs
(Figure S8).

In summary, GEODES descriptor analysis is capable of
tracking internal 3D changes in protein structure, focusing
on secondary structure elements, primarily o«-helices. This
enables observation of fluctuation variations in specific
regions by monitoring particular descriptors during MD
simulation.

IV. DISCUSSION
MD is widely used to explore biomolecular complex

structural changes. With the advances in structural pre-
diction methods such as AlphaFold3 [41], which now
predicts nucleic acid and ion positions alongside pro-
teins, understanding complex structures is less challenging
than exploring their dynamic behavior. As wet laboratory
approaches for studying structural dynamics are mostly
limited to hydrogen-deuterium exchange coupled NMR or
mass spectrometry, improving in silico techniques is valuable
for computational studies of structural fluctuations.

In this work, we propose a methodology based on structural
descriptors to complement established MD trajectory analy-
sis procedures using RMSD and RMSF evaluation.
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A. GEODES: EXTENDING CLASSICAL RMSD ANALYSIS

The limitations of the RMSD and RMSF parameters have
been discussed in literature, including lack of temporal local
dynamic event information, degeneracy issues, heavy depen-
dence on precise structure superimposition, and predominant
influence of most deviated regions [8], [9], [42]. Several
alternatives to RMSD have been developed to address these
limitations, such as weighted RMSD, which uses only a
subset of atoms for superposition, downplaying inherently
unstructured regions [42], and Generally Applicable Replace-
ment for RMSD (GARD) [8] normalized to unity, which
prevents skewed aggregation statistics and incorporates
“chemical awareness” using Andrews weights [43]. While
GARD prevents the rejection of correct docking poses with
large RMSD due to minor misplacements, it has limitations in
providing insight into precise locations of structural changes
over time. To compare GEODES in the context of existing
methodologies, we summarize the strengths and weaknesses
of various approaches (Table 1), highlighting both GEODES’
unique features and its complementary role in MD trajectory
analysis.

While RMSD and RMSF remain valuable tools for MD
trajectory analysis, GEODES complements these classical
approaches by offering several unique capabilities. The
method’s position-independence eliminates potential biases
introduced during structure alignment while reducing com-
putational overhead. Our analysis demonstrated GEODES’
ability to detect complex-specific behaviors not captured by
conventional methods alone. For example, in the L2 complex,
GEODES revealed flexibility in the distance AcOMyy,resz420
involving a ‘“‘charge clamp” residue, and variations in
ACOMy,q, Hs, despite H5’s apparent stability in RMSF
analysis. Moreover, the method provides detailed temporal
resolution of local structural changes, tracking specific
geometric variations frame-by-frame, as demonstrated in
our analysis of the angle 0y Hx, which showed significant
variations from 0.9° to 29.5° during the simulation. The
strong correlation between GEODES and RMSD clustering
results (Rand indices of 0.980, 0.923, and 0.961 for L1, L2,
and L3 complexes respectively) validates GEODES while
highlighting its ability to capture additional conformational
information. This is particularly valuable for understand-
ing allosteric mechanisms and protein-protein interactions,
where local geometric changes may have significant func-
tional implications. The combination of GEODES with
traditional analysis methods provides a more comprehensive
understanding of protein dynamics, with RMSD offering
global conformational insights while GEODES captures spe-
cific local conformational dynamics during MD simulations.

Despite this overall agreement, the subtle differences
between RMSD and GEODES clustering reveal interesting
insights into protein dynamics. For example, in the L2
trajectory, frame 6 clustered with mid-trajectory frames (46,
51, and 53) in GEODES analysis but not in RMSD clustering
(Figure S1). This difference suggests that while these
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conformations may show different global RMSD values,
they share specific geometric features captured by GEODES
descriptors. The clustering divergences are particularly
informative for understanding protein dynamics, as frames
that GEODES groups together often share specific geometric
relationships between secondary structure elements, even
when their global RMSD values differ. This is evident in the
dendrogram analysis (Figure S1), where branching patterns
reveal how GEODES can identify structurally similar states
that may be separated in RMSD-based clustering due to dif-
ferences in global conformation. These clustering differences
highlight GEODES’ sensitivity to local geometric features
while demonstrating how global and local measures of
structural similarity can provide complementary perspectives
on conformational dynamics.

In Critical Assessment of protein Structure Prediction
(CASP) the Global distance test (GDT) and the Longest
continuous segment (LCS) [44] have been implemented to
overcome superposition dependency. This approach identi-
fies for each model residue the largest continuous (LCS) or
arbitrary (GDT) set that aligns with the reference structure
within a given RMSD (LCS) or distance (GDT) cutoff. GDT
is particularly effective at recognizing structural similarity
and is robust against small fragment movements. While these
methods address some RMSD limitations, they still have
constraints in analyzing precise structural changes over time
in MD trajectories.

B. DESCRIPTOR-BASED APPROACHES

Descriptor-based approaches, long wused in structural
bioinformatics, offer advantages such as superposition
independence and compatibility with Euclidean distance,
common in machine learning and data analysis. These
descriptor-based techniques are frequently used for pro-
tein structure classification, as seen in SCOP [16] and
CATH [17]. Lindstrom et al. [11] characterized protein
chains using alignment-independent descriptors based on
Co atom Euclidean distances, protein backbone Y and
¢ angles, and amino acid physico-chemical properties.
In this study, they analyzed descriptors via PCA and
multivariate methods. Wang et al. [45] proposed local average
distance for flexible protein structure comparison, based on
geodesic or Euclidean distances, used to discover unknown
conformational relationships and reorganize protein structure
classification.

Other applications include binding site [21] and folding
rate predictions [46]. Jiang et al. [21] proposed a multichannel
molecular descriptor combining geometry- and energy-
based approaches, suitable for convolutional neural network
training due to grid voxel utilization. Gao et al. [46] developed
linear regression-based models for predicting folding rates
of proteins with two-state, multistate, and unknown folding
kinetics, using protein sequence, predicted secondary struc-
ture, solvent accessible surface, b-factors, and local structure
entropy as inputs. These models also revealed potential
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TABLE 1. Comparison of GEODES to Complementary Methods.

Method Strengths Weaknesses Comparison with GEODES

RMSD Measures global conformational changes; Masks local dynamics; alignment- GEODES captures local changes and
simple to compute. dependent. avoids superposition issues.

RMSF Identifies highly flexible regions over No temporal resolution; limited to global GEODES provides temporal and spatial
time. flexibility. resolution for local dynamics.

GARD Accounts for chemical awareness in MD Limited to docking scenarios; lacks geo- GEODES integrates angles, distances, and
trajectories. metric descriptors. secondary structure-based descriptors.

GDT Identifies structural similarity robustly Primarily used for structure prediction; GEODES offers a time-resolved geometric
against small fragment movements. less suited for MD trajectories. analysis suitable for MD studies.

tICA Identifies slowest motions in MD. Requires dimensionality reduction; lacks GEODES offers structural insights along-

structural interpretability. side trajectory-based clustering.

DCCM Captures correlated motions between re- Limited to correlations; doesn’t quantify GEODES quantifies geometric properties,
gions. geometric or temporal features. complementing correlated motion data.

LSE Provides entropy-based flexibility Limited application scope; no integration GEODES integrates entropy-like variabil-
insights. of secondary structure data. ity with structural elements like helices.

b-factors Widely used for assessing flexibility in Static; doesn’t account for dynamic MD GEODES focuses on dynamic flexibility,

crystal structures.

behavior.

complementing static flexibility metrics.

relations between topological and structural properties and
folding rates. To our knowledge, descriptor-based methods
have not been used for MD trajectory analysis, and few of
these methods derive descriptors from geometric properties
attached to secondary structure elements.

C. INTEGRATION OF KPAX AND DSSP FOR DESCRIPTOR
COMPUTATION AND MODELING

The integration of Kpax and DSSP algorithms in GEODES
represents a novel approach to balancing consistency and
sensitivity in protein structure analysis. Our implementation
addresses a fundamental challenge in MD trajectory analysis:
distinguishing genuine conformational changes from assign-
ment fluctuations. The Kpax-derived consensus structure,
based on 45 refined hVDR structures, provides stable
reference points for geometric measurements, while DSSP
captures frame-specific variations in secondary structure
assignments. This dual approach proved particularly valuable
in our VDR analysis. For instance, when examining the
differences between Kpax and DSSP assignments (Table S2),
we found that this combined method effectively tracked both
stable structural elements and dynamic regions. The three
specific descriptors we introduced (DSSPstarty;, DSSPendy;,,
and Ny,) provide quantitative measures of assignment
differences, offering insights into regions where structural
classifications may be ambiguous or transitional. For protein
modeling applications, this integration has several important
implications: i) it provides a more robust framework for
analyzing conformational changes in MD trajectories; ii) it
enables distinction between stable structural elements and
genuinely flexible regions and iii) it helps identify regions
where secondary structure assignments may be sensitive to
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small conformational changes. The stability of geometric
descriptors calculated using Kpax-based assignments, com-
bined with the sensitivity of DSSP-based features, suggests
that this integrated approach could be particularly valuable
for studying proteins with dynamic structural elements or
those undergoing conformational transitions.

D. APPLICATIONS OF GEODES IN DRUG DESIGN

The ability of GEODES to identify and characterize protein
flexibility has direct implications for drug design, in this
study applied to VDR. Our analysis reveals three key features:

First, GEODES effectively identified flexible regions
in the LBP. For example, the flexible ACCy7 descriptor
in the L1 complex suggests movements in the LBP that
were not detected by RMSF analysis. Such local flexibility
information is crucial for understanding potential binding site
adaptability during drug-target interactions.

Second, our analysis revealed complex-specific behaviors
in the ‘charge clamp’ region, as demonstrated by the flexible
ACOMpor. resg a0 feature in the L2 complex. These charge
clamp residues are critical for CoA binding, and their
dynamic behavior has implications for designing drugs that
could potentially modulate protein-protein interactions.

Third, GEODES’ ability to track specific geometric
relationships provides valuable information for rational drug
design. The method captures subtle changes in distances
and angles between structural elements that could influence
ligand-binding or allosteric regulation. For instance, the
observed variations in angle 6y5 gy demonstrate conforma-
tional flexibility that might be important for drug design.
These geometric descriptors can enhance structure-based
drug design workflows by identifying flexible regions

64267



IEEE Access

K. Pats et al.: GEODES: Geometric Descriptors for the Assessment of Global and Local Flexibility

that could accommodate ligand-binding, characterizing the
dynamic behavior of key functional residues, providing
quantitative measures of LBP adaptability and/or supporting
the design of allosteric modulators by mapping dynamic
communication between structural elements.

E. ANALYSIS AND INTERPRETATION OF
VDR-COACTIVATOR COMPLEX DYNAMICS

The distinct patterns observed in our analyses can be
interpreted in the context of VDR’s biological function and
previous experimental findings. The enhanced stability of the
L2 complex, evidenced by its 1.7A RMSD plateau, aligns
with experimental studies demonstrating VDR’s highest
binding affinity for the L2 motif of SRC-1 [47]. While L1
and L3 complexes show greater conformational sampling
(fluctuating around 2.4A), the relationship between flexibility
and binding affinity appears complex, as experimental data
indicates L3 typically shows stronger binding than L1 [47].
GEODES analysis revealed complex-specific variations that
provide deeper insights into functional dynamics. The
high fluctuations observed in L3 complex region 156-164/
216-224, coinciding with the flexible VDR-specific insertion
domain, suggest that these movements may be functionally
relevant for VDR’s biological role. Similarly, the L1 com-
plex’s elevated flexibility in the H5-H6 loop (288-293) and L2
complex’s peaks in the H9-H10 loop (371-380) likely reflect
different modes of accommodation for the various CoA
peptide sequences. These patterns are particularly meaningful
given VDR’s function as a transcriptional regulator. The
observed flexibility in specific regions may facilitate the con-
formational changes necessary for proper CoA recruitment
and subsequent transcriptional activation. The preferential
binding of L2 motif and its role in complex stabilization
suggests that different CoA peptide sequences can fine-
tune VDR’s dynamic behavior, potentially influencing its
biological function through altered protein dynamics.

V. CONCLUSION
GEODES introduces a novel, descriptor-based approach
to MD trajectory analysis that addresses limitations of
traditional metrics like RMSD and RMSF. By combining
ideas from RMSD extension and descriptor-based techniques,
our method offers a new application for protein struc-
tural descriptors in unsupervised learning, specifically for
MD trajectory clustering. The position-invariant descriptors
eliminate the time-consuming protein superposition step
required for RMSD calculation, placing GEODES among
alignment-independent methods of protein structure analysis.

Beyond clustering trajectories, GEODES enables precise
examination of specific structural changes at given times-
tamps, offering both computational efficiency and detailed
insights into structural dynamics. The methodology has been
validated on «-helical structures like VDR, with promising
results from Kpax/DSSP integration approaches.

While currently optimized for o-proteins, GEODES
presents several opportunities for future development. The
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framework could be extended to include SB- and mixed
o/B structures with additional geometric descriptors to
accommodate diverse protein classes. Future studies could
also explore GEODES’ application across various protein
families and alternative clustering methods. These potential
expansions reflect the adaptability of the framework and its
capacity for broader applications in drug discovery, structural
biology, and bioinformatics.
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