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Abstract 
Motivation: Advances in hardware have made molecular dynamics (MD) simulations of protein structures faster and more 
accessible to the scientific community. However, accurately estimating protein flexibility using MD remains computation
ally demanding, especially for large systems and long time scales. Several MD-based resources—including MdMD, the 
DynamD database, and more recently ATLAS and mdCATH—now provide MD trajectories for thousands of proteins, en
abling the development of predictive models.

Results: Here, the Graphlet Degree Vector (GDV) is introduced as a lightweight, fast, and easy-to-implement linear model 
for predicting protein flexibility directly from atom coordinates. GDV is a 15-dimensional feature vector that captures local 
packing and the spatial connectivity of each atom with its nearby neighbors. Trained on a subset of globular-like proteins 
from the ATLAS database, the GDV model achieves a Spearman correlation of 0.828 compared to MD data. The model 
trained on ATLAS dataset was further evaluated on independent Nuclear Magnetic Resonance and cryo-electron micros
copy datasets, demonstrating the robustness and generalizability of the GDV-based approach. A key advantage of the GDV 
model is that it requires no additional external or experimental data and can be applied in near real time (on the order 
of 10 seconds) even for large proteins with 20 000 atoms on a standard desktop or laptop. Overall, the results show that 
a lightweight, fast, and purely coordinate-based model can provide accurate and generalizable predictions of protein 
flexibility across diverse folds and sizes.

Availability: The source code is available in the GitHub repository https://github.com/jure-praznikar/FastProtFlex. The 
data required for model training are available at https://doi.org/10.5281/zenodo.17771418.

Contact: jure.praznikar@upr.si

Introduction
Proteins are among the most abundant organic molecules in living 
systems and serve as fundamental building blocks of life. They per
form nearly every essential cellular task, including catalyzing bio
chemical reactions, transmitting signals, and providing structural 
support, making them indispensable for proper organism function. 
Proteins are dynamic macromolecules, and their flexibility is closely 
linked to biological function. Therefore, studying protein flexibility is 
essential for understanding protein function. Molecular dynamics 
(MD) simulation is a fundamental and widely accepted computa
tional method for characterizing protein motions at atomic resolu
tion. However, MD is computationally demanding, especially for 
large systems or long timescales, which limits its routine use on 
standard desktop or laptop hardware. Despite hardware advances 
that have made MD simulations more accessible in the past decade, 
large-scale and real-time analysis of protein flexibility remains a 
challenge. To address these limitations, faster methods have been 

developed, including normal mode analysis (Case 1994, Brooks et al. 
1995, Ma 2005, Skjaerven et al. 2009) and various coarse-grained 
models, e.g. Gaussian Network Model (Tirion 1996, Bahar et al. 1997, 
Haliloglu et al. 1997, Yang et al. 2009). These approaches trade some 
accuracy for computational efficiency and typically rely on physical 
approximations rather than data-driven learning.

Recently, the ATLAS database was introduced (Vander 
Meersche et al. 2024), featuring standardized MD simulations, 
using CHARMM36m force field (Huang et al. 2017), for over one 
thousand proteins of various sizes and folds. Because all simula
tions were generated using a unified protocol, ATLAS is free 
from user-specific choices and force field heterogeneity, making 
it especially suitable as a benchmark and training resource for 
predictive models of protein flexibility. From MD trajectories, 
atomic root-mean-square fluctuation (RMSF) profiles can be de
rived and used as target variables for model development.

In addition to MD databases, experimental databases such 
as Nuclear Magnetic Resonance (NMR) and cryo-electron 
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microscopy (cryo-EM) are also important, as they provide infor
mation about protein flexibility. Currently, cryo-EM accounts for 
a significant portion of newly deposited macromolecular struc
tures in the Protein Data Bank (PDB), and its experimental data 
are an important source of structural and flexibility information 
for macromolecules. Recently, cryo-EM datasets have been used 
to train deep learning models that predict protein flexibility di
rectly from atomic coordinates and experimental electron den
sity (Song et al. 2024). This deep learning model demonstrates 
strong performance, and even very large proteins (25 000 atoms) 
can be processed in minutes.

In addition to experimental methods, artificial intelligence 
tools such as AlphaFold2 (Jumper et al. 2021) have made re
markable progress and now enable highly accurate predictions 
of protein structures. These tools now generate high-quality 3D 
models directly from sequence data and provide per-residue 
confidence scores (pLDDT) to indicate prediction reliability. It 
has been shown that protein sequence determines not only the 
three-dimensional structure but also its flexibility (Guo et al. 
2022). Moreover, pLDDT scores show moderate to high correla
tions with MD- and NMR-derived RMSFs (Vander Meersche et al. 
2025). Furthermore, the pLDDT score has been successfully in
corporated into software such as CABS-flex (Wr�oblewski and 
Kmiecik 2024), where it improves flexibility prediction. Together, 
these developments suggest that protein flexibility can be effec
tively learned from structure-based features. Thus, the growing 
availability of MD protein trajectories, which is expected to con
tinue to expand, offers a promising opportunity to develop mod
els to predict protein flexibility (Meyer et al. 2010, van der Kamp 
et al. 2010, Mirarchi et al. 2024, Vander Meersche et al. 2024).

Motivated by the availability of ATLAS data and the previous 
success of the Graphlet Degree Vector (GDV) linear model for B- 
factor prediction (Pra�znikar 2023, 2025) which was trained on a 
subset of the PDB-REDO database (Joosten et al. 2009, 2014), this 
work extends the GDV linear model to predict protein flexibility at 
the atomic level. Graphlets– small, connected, induced, non- 
isomorphic subgraphs of a larger graph—are used to construct a 
feature vector for each atom, capturing the complexity of its local 
connectivity (Pr�zulj 2007). In this approach, each protein structure 
is represented as a graph, with each node corresponding to an in
dividual atom and edges containing information about the close 

contacts of each node. The atomic GDV is calculated from the 
larger graph and serves as a feature vector capturing information 
about local atom packing. In this study, the GDV linear model was 
trained on globular-like proteins from the ATLAS database. Cross- 
validation and evaluation on independent NMR (140 proteins) 
and cryo-EM (321 proteins) datasets demonstrated generalization 
and good predictive performance. The results presented in this 
work demonstrate that a lightweight, fast, and purely coordinate- 
based model can provide accurate predictions of protein flexibil
ity across various folds and sizes.

Methods
Graphlet degree vector
Each protein structure was represented as a graph G¼ ðV;EÞ, 
where nodes V correspond to atoms and edges E connect pairs 
of atoms whose interatomic distance is less than a predefined 
cutoff of 7 Å. This approach converts a three-dimensional atomic 
model into a network of atoms. The local packing of atoms is de
scribed using graphlet orbits. Graphlets are small, connected, 
non-isomorphic induced subgraphs of sizes 2, 3, and 4. 
Graphlets contain several automorphism orbits, which represent 
distinct topological roles of a node within the graphlet. There 
are 15 such orbits in total (labeled 0–14), capturing unique con
nectivity patterns (Fig. 1A). In general, black and orange dots 
represent nodes (vertices), while black lines denote edges be
tween nodes. In the context of protein graphs used in this study, 
edges (black lines) represent links between atoms with pairwise 
distances below a specified cutoff. For each atom, the number 
of times it participates in each orbit is counted, yielding a 15-di
mensional GDV. The resulting N×15 matrix, where N is the num
ber of atoms, describes the local network topology around each 
atom. Figure 1A shows all eight graphlets up to size four, while 
Fig. 1B and 1C show an example of a 10-node graph and its cor
responding GDV matrix. In the GDV matrix (Fig. 1C), the first four 
entries of the feature vector for node I are 3, 4, 2, and 1, respec
tively. This means that node I participates in orbit O0 three 
times, through the edges I–J, I–H, and I–F. It participates in orbit 
O1 four times, via the paths I–J–E, I–H–J, I–F–C, and I–F–G. Node I 

Figure 1 (A) Graphlets up to size 4. Orbits, that is, topologically distinct nodes, are labeled 0, 1, 2, 3, … , 14. In each graphlet, nodes belonging to 
different topological orbits are distinguished by color (black and orange). (B) Example graph with 10 nodes and 13 edges. (C) Corresponding GDV 
matrix showing the orbit count for each node.
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is involved in orbit O2 twice, through the paths J–I–F and H–I–F, 
and in orbit O3 once, corresponding to the triangle I–H–J–I.

GDV matrix—calculation by parts
Computing a full N×N distance matrix to construct the graph 
can be computationally demanding, especially in terms of RAM 
usage. To address this limitation, a by-parts strategy for calcu
lating the full GDV matrix is introduced. When considering 
graphlets of up to four nodes, the matrix has dimensions N×15. 
When counting graphlet orbits, it is sufficient to consider only 
spatially proximate atoms rather than all atom pairs (for exam
ple, those separated by five or more edges). The by-parts proce
dure is as follows. Assume a protein contains 10 000 atoms, for 
which the GDV is computed in four steps. In the first step, atoms 
1–2500 are selected along with all their neighboring atoms 
within a surrounding radius. A distance matrix is then con
structed for this subset, from which a graph is generated. The 
GDV is subsequently computed for atoms 1–2500. Next, atoms 
2501–5000 are processed in the same manner, again including 
all neighbors within the predefined surrounding distance, and 
the GDV is computed for this subset. This procedure is repeated 

until the final subset (atoms 7501–10 000) is processed. Finally, 
all partial GDVs are concatenated to form the complete N×15 
GDV matrix. Figure 2A–D illustrates an example protein proc
essed in four steps. At each step, the protein is divided into three 
parts: (i) selected atoms, (ii) surrounding atoms, and (iii) the 
remaining atoms, which are excluded from the calculation at 
the current step. Notably, the protein is not partitioned using or
thogonal planes; instead, it is divided according to atom indices.

GDV linear model
A multiple linear regression model was used to predict atomic 
flexibility from GDV features. The dependent variable was the 
MD-RMSF of atoms, and the explanatory variables were the GDV 
orbit counts. The multiple linear model is written as follows: 

RMSFi ¼ nþ
X14

k¼0

βkOi;k; (1) 

where RMSFi is the observed fluctuation of atom i; n is the inter
cept; βk are the regression coefficients for orbit k; and Oi;k 

Figure 2 Illustration of the by-parts calculation procedure. (A–D) The protein, shown in ribbon representation, is processed in four consecutive steps. 
In each panel, the selected region is highlighted in purple, the surrounding residues are shown in orange, and the remaining portion, excluded from 
the calculation at that step, is shown in gray.
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denotes the number of times atom i touches orbit k (orbit 
counts per atom). Both the dependent and explanatory varia
bles were log-transformed and normalized (zero mean, unit 
standard deviation) within each protein. Model parameters were 
estimated using ordinary least squares regression. Predictive 
performance was assessed using 10-fold cross-validation by 
computing the Spearman correlation between MD–derived 
RMSF values and those predicted by the GDV linear model. The 
correlation was calculated at the residue level, specifically for 
Cα atoms. This procedure was repeated across three MD repli
cates presented in the ATLAS database to assess robustness and 
generalization. The resulting averaged coefficients βk define the 
final GDV-based linear model.

Data
ATLAS data set—globular-like proteins
The ATLAS database (November 2024 release) contains 1938 
non-redundant protein chains. For each protein, standardized 
MD simulations were performed using three different random 
seeds to capture a broad range of conformational motions. For 
GDV model development, a subset of ATLAS entries was selected 
based on the following criteria: (i) the protein belongs to CATH 
classes 1–3 (Orengo et al. 1997); (ii) the number of residues 
exceeds 50; (iii) the radius of gyration is less than N0:6 (to ensure 
a globular-like structure); and (iv) the TM-score (Zhang and 
Skolnick 2005) between the initial and final conformations, as 
well as between the most divergent conformers, exceeds 0.7. 
The TM-score threshold ensured inclusion of proteins that do 
not undergo substantial fold changes during MD simulations. 
Applying these filters yielded a subset of 1052 ATLAS entries. For 
additional benchmarking, the first release of the ATLAS dataset 
(November 2023), which contains 1390 protein chains, was also 
used. For the ATLAS dataset, RMSF profiles were calculated from 
MD trajectories. Each trajectory contained 1000 frames, and 
RMSF values were computed for all atoms in the protein by eval
uating positional fluctuations during the MD simulation. 
Specifically, the RMSF of each atom was calculated relative to 
its time-averaged position across the trajectory.

NMR dataset
The NMR protein benchmark set was used and consists of 140 
non-redundant protein structures (Jamroz et al. 2012). Because 
NMR ensembles consist of multiple conformers, a critical consid
eration is which structure to use for RMSF prediction. The con
former most similar to the average NMR structure, defined as 
the model with the minimum Cα r.m.s.d. relative to the mean 
coordinate structure, was identified and used as the representa
tive three-dimensional model for prediction. For the NMR data
set, RMSF profiles were derived from structural ensembles 
deposited in the PDB. Fluctuations were calculated across the 
ensemble of experimentally determined conformers, reflecting 
structural variability captured by NMR spectroscopy.

Cryo-electron microscopy dataset
In addition to the ATLAS and NMR dataset, the cryo-EM bench
mark data set (Song et al. 2024) was also used. This high- 
quality, non-redundant protein dataset comprises 335 entries 
compiled for training and evaluating RMSF-net, focusing on 
cryo-EM maps with 2–4 Å resolution. All proteins were subjected 
to molecular dynamics simulations using the AMBER force field 
(Case et al. 2005, 2023). The dataset was obtained from the 
open-access Figshare repository https://doi.org/10.6084/m9.fig 
share.25893670, (Nov. 2025). For the cryo-EM dataset, RMSF pro
files available in the corresponding public repository were used. 
These values were provided by the authors of the original study 
and stored in the B-factor column of the PDB files. The B-factor 
entries therefore represent precomputed fluctuation estimates, 
which were used directly in this analysis. Upon inspection, 14 
models contained NaN values in the B-factor column of the PDB 
files and were excluded, resulting in 321 proteins used 
for analysis.

Software and hardware
The R package, version 4.5.1 (R Core Team 2025), was used for 
data analysis with the following packages: orca, version 1.1–3 
(Ho�cevar and Dem�sar 2014, Ho�cevar and Dem�car 2016); netdist, 
version 0.4.9100 (O’Reilly 2024); bio3d, version 2.4–5 (Grant et al. 
2006); igraph, version 2.2.0 (Csardi and Nepusz 2006); caret, ver
sion 7.0–1 (Kuhn 2008); pdist, version 1.2.1 (Wong 2022). R 
scripts are available at: https://github.com/jure-praznikar/ 
FastProtFlex. The experiments were conducted on a system with 
a 13th Intel Core i9-13900 processor, 5200 MHz RAM, and 
the openSUSE 15.6 operating system. The data required for 
model training are available at https://doi.org/10.5281/zen 
odo.17771418.

Results
The performance of linear GDV model
A linear GDV model was trained and validated on three indepen
dent ATLAS globular-like protein datasets (replicates 1–3). For 
each replicate, 10-fold cross-validation was performed, and 
model performance was evaluated using the Spearman correla
tion between MD-derived and predicted RMSF values. Figure 3
shows the 15 regression coefficients obtained for each dataset, 
demonstrating their consistency across replicates. The averaged 
coefficients (Equation 2) define the final GDV model, represent
ing the consensus linear relationship between GDV features and 
RMSF across all three replicates: 

RMSF ¼ − 1:91O0 − 0:91O1þ 2:98O2

þ 2:96O3 − 0:92O4 − 0:16O5þ 0:12O6

− 0:48O7þ 0:24O8þ 0:31O9þ 0:42O10

− 0:78O11þ 0:51O12 − 1:73O13 − 1:48O14:

(2) 

The performance of the GDV linear model trained on the 
ATLAS globular-like dataset (N = 1052) using three independent 
replicates is shown in Fig. 4A. The mean Spearman correlations 
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between the predicted and MD-derived RMSF values were 0.794, 
0.793, and 0.792 for replicates 1, 2, and 3, respectively (Fig. 4A). 
When the best-performing replicate was selected for each pro
tein, the mean correlation increased to 0.828.

Benchmark part 1—ATLAS dataset
To benchmark the GDV linear model, the full ATLAS database 
(November 2023 release) was used and compared with CABS- 
flex, which integrates AlphaFold pLDDT scores (Wr�oblewski and 
Kmiecik 2024). In that study, the largest protein (PDB ID: 6SUP), 
containing approximately 17 000 heavy atoms, was excluded. 
CABS-flex is a coarse-grained simulation tool that models pro
tein flexibility using knowledge-based statistical potentials and 
Monte Carlo dynamics (Jamroz et al. 2013). In its default re
straint mode, it achieved a correlation of 0.661; however, when 
the pLDDT score was appropriately incorporated as an addi
tional feature, the correlation increased to 0.793 (Wr�oblewski 
and Kmiecik 2024). The validation procedure for the GDV linear 
model applied to the entire ATLAS dataset was the same as 
that used for the globular-like dataset, employing a 10-fold 

cross-validation scheme. The GDV model achieved an average 
correlation of 0.817 (Fig. 4B), which is slightly higher than the av
erage correlation obtained with CABS-flex. Notably, the GDV lin
ear model is based exclusively on atomic coordinates and does 
not incorporate additional features such as secondary structure 
or AlphaFold2-derived pLDDT scores, in contrast to CABS-flex.

Beyond accuracy, a key motivation of this work was to de
velop a fast, lightweight algorithm suitable for personal com
puters and laptops. Therefore, CPU time and RAM usage during 
RMSF prediction using the GDV linear model were evaluated. 
The most computationally demanding step is graph construc
tion, which requires calculating all pairwise atomic distances. 
This operation also drives memory consumption, as it involves 
generating a large two-dimensional distance matrix.

Figure 5A shows the relationship between protein size and 
peak RAM usage. The dependency is non-linear, approximately 
quadratic. For proteins with about 8000 atoms, RAM usage 
reached 4 GB. Proteins with up to 4000 atoms were converted to 
graphs in less than one second each (Fig. 5B). For larger sys
tems, however, converting a 3D model to a graph required only 
about three seconds, even for proteins with 8000 atoms. 

Figure 3 GDV linear model regression coefficients for three independent replicates from the ATLAS data set.

Figure 4 (A) Boxplots of correlations between MD-derived and GDV-predicted RMSF for each of the three replicates and for the best-performing 
replicate per protein for the globular-like ATLAS subset. (B) Boxplots of the best-selected correlations (among three replicates) for the GDV model 
and CABS-flex on the full ATLAS dataset (November 2023 release).
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Extrapolating the RAM-to-protein size relationship shown in 
Fig. 5A suggests that for very large proteins (approximately 40 
000 atoms), RAM rather than CPU time becomes the limiting fac
tor on standard desktop or laptop computers and requires more 
than 100 GB of memory. To address this, a by-part GDV calcula
tion scheme was implemented and compared to the standard 
all-at-once approach. The protein of interest is divided into 
smaller, non-overlapping segments (e.g., three parts of 100, 100, 
and 98 residues for a 398-residue protein). For each segment, 
surrounding residues within 12 Å of Cα atoms were included, 
typically forming subsets of about 2200 atoms (approximately 
750 core and 1500 neighboring atoms). GDVs were then com
puted for each segment and concatenated to yield the complete 
matrix. Figure 5C, D illustrates RAM usage and CPU time with the 
by-part approach, which was applied only to proteins exceeding 
2000 atoms. This optimization reduced the memory footprint to 
below 1 GB and yielded a nearly linear relationship between 
computation time and protein size. These results demonstrate 
that using the by-parts approach to compute the GDV matrix 
keeps RAM usage low and CPU time dependency linear, allowing 
the GDV model to run on standard laptop computers even for 
large proteins in near real time.

Benchmark part 2—comparison to 
NMR ensembles
To assess how RMSF values derived from NMR ensembles align 
with those predicted by the GDV model, multiple NMR conform
ers of a selected protein (PDBid: 1S6L) were analyzed. Because 
each conformer has distinct atomic coordinates, individual 
RMSF predictions differ slightly across conformers. Figure 6A
presents NMR-derived alongside predicted RMSF values for 20 
conformers. Strong agreement was observed, with Spearman 
correlation coefficients ranging from 0.80 to 0.89 across the 
twenty conformers. To extend the analysis, correlations were 
also calculated for the NMR benchmark dataset comprising 140 
proteins. The regression coefficients learned from the ATLAS 
dataset (Equation 2) were applied to the NMR dataset, without 
further retraining. Figure 6B presents the distribution of correla
tions, with a mean (median) value of 0.729 (0.776), comparable 
to the accuracy reported for CABS-flex (Jamroz et al. 2014). 
These results further demonstrate the robustness of the GDV 
model, which, despite being trained exclusively on ATLAS data
set, shows strong agreement with fluctuations observed in 
NMR ensembles.

Figure 5 (A, C) Number of atoms versus peak RAM usage, and (B, D) number of atoms versus computation time for two calculation strategies. Panels 
(A) and (B) correspond to the all-at-once approach, while panels (C) and (D) show results for the by-parts approach.
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Benchmark part 3—cryo- 
electron microscopy
The cryo-EM dataset includes 335 proteins (Song et al. 2024), for 
which MD simulations were performed using the AMBER force 
field (Case et al. 2005, 2023). This dataset contains significantly 
larger proteins, with an average size of �1700 residues, com
pared to the ATLAS dataset, which has a mean size of approxi
mately �250 residues. The model trained on ATLAS dataset 
(Equation 2) was also evaluated on the cryo-EM datasets using 
the same regression parameters. The mean correlation between 
MD and predicted RMSF was 0.704 (Fig. 6B), which is lower than 
the 0.765 and 0.742 achieved by the RMSF-net and RMSF- 
net_pdb neural network models (Song et al. 2024), respectively. 
However, it is important to note that GDV linear model does not 
incorporate experimental data, such as electron density maps, 
unlike RMSF-net. However, these results demonstrate the gener
alizability of the GDV linear model, which was trained on the 
ATLAS dataset and still provided satisfactory predictions for in
dependent cryo-EM dataset.

Study cases
Highly elongated, rod-like protein
For the GDV model, one clear outlier shows a markedly low cor
relation of −0.236 (see Fig. 4B). This protein corresponds to 
PDBid: 4KE2 (chain C), which was excluded from the globular- 
like subset due to its large radius of gyration relative to its size 
of 192 residues (Hong and Lei 2009, Tanner 2016, Pra�znikar 
2021), indicating a non-globular topology. Indeed, this is an 
alanine-rich antifreeze protein that forms a rod-like dimeric 
structure composed α-helices arranged into a four-helix bundle 
(Sun et al. 2014). The GDV linear model performs well across a 
wide range of protein architectures, including non-globular 
structures. However, its ability to capture low-frequency collec
tive vibrational modes, such as α-helix bending characteristic of 
highly elongated, rod-like proteins, is limited.

The inter-domain domain flexibility
PDB entry 1C96 (chain A) shows relatively low correlations be
tween predicted and MD-derived RMSF values; 0.37, 0.42, and 
0.50 for replicates 1–3, respectively. This protein comprises two 

domains, classified in Structural Classification of Proteins 
(SCOP) (Andreeva et al. 2014) as c.83.1.1 (residues 1–528) and 
c.8.2.1 (residues 529–753). The GDV linear model tends to over
estimate fluctuations in the larger domain while underestimat
ing them in the smaller one (Fig. 7A). Boxplots in Fig. 7B
illustrate that MD simulations capture a pronounced difference 
in flexibility between domains, whereas this contrast is notably 
reduced in the GDV linear model. This case highlights a limita
tion of the approach—its reduced sensitivity to large-scale, in
ter-domain motions.

Wrong model—poor prediction
As part of the preprocessing for MD simulations in the ATLAS 
database, missing residues (≤5) were modeled using 
MODELLER (Webb and Sali 2016). For example, in PDB entry 
1BY2 (chain A), four C-terminal residues (Arg114–His117) were 
absent and modeled to connect Thr118 and Leu119 according 
to ATLAS residue numbering. Visual inspection and 
WHAT_CHECK (Hooft et al. 1996) analysis revealed seven steric 
clashes (bumps), defined as atomic contacts closer than the 
sum of van der Waals radii minus 0.4 Å. These involved residue 
pairs Ser45–His117, Arg11–Trp31, Cys48–His117, Asp40–Leu41, 
Val46–Ser85, Cys48–Gly52 and Cys48–Thr118.

Figure 8A shows the initial model, with the modeled C-termi
nal tail highlighted in magenta, and snapshots at 25 ns, 50 ns, 
and 100 ns of the MD trajectory. During MD simulation, the tail 
(Ser115–Leu119) moves out of the cavity where it was initially 
placed. Both N- and C-terminal regions exhibit high flexibility in 
MD simulations (Fig. 8B). In contrast, the GDV linear model 
underestimates fluctuations in the C-terminal tail and in the 
α-helical region spanning Asp40–Ala50. This discrepancy arises 
from the artificially high local contact density caused by the mis
positioned C-terminal tail of initial model. It should be noted 
that the GDV model relies solely on atomic coordinates; conse
quently, any structural inaccuracies in the input model directly 
affect RMSF prediction quality. For the initial model, the correla
tion between MD-derived and predicted RMSF was 0.45, which 
increased to 0.72 when the final 100 ns snapshot was used 
(Fig. 8B). A partially incorrect 3D protein model degrades both 
GDV-based predictions and the MD simulation, making the 
resulting MD-derived RMSF values less reliable.

Figure 6 (A) GDV-predicted RMSF profiles for 20 NMR conformers and NMR-derived RMSF for PDBid: 1S6L. (B) Boxplots of correlations between GDV- 
predicted RMSF and NMR- and cryo-EM–derived RMSF values.
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Large protein system
PDB entry 6SUP was excluded from globular-like dataset be
cause its radius of gyration exceeded value N0:6, where N 
denotes the number of amino acids, indicating a non-globular 
structure. Interestingly, this protein was also omitted from the 
CABS-flex study (Wr�oblewski and Kmiecik 2024) for a different 
reason—its large size (�17 000 heavy atoms), which makes 

computation substantially more demanding. Therefore 6SUP 
was used as a benchmark to assess both the speed and accuracy 
of the GDV linear model for large proteins. RMSF values were 
predicted using two approaches: (i) a single all-at-once calcula
tion and (ii) a by-parts approach. Notably, protein 6SUP was di
vided into 22 chunks, each comprising a core region of �100 
residues and a surrounding region defined by cutoff distance 

Figure 7 (A) MD-derived (replicate 1) and GDV-predicted RMSF profiles for PDBid: 1C96. (B) Boxplots showing RMSF distributions for the two 
domains: domain 1 (D1, residues 1–528) and domain 2 (D2, residues 529–753), corresponding to SCOP domains c.83.1.1 and c.8.2.1, respectively.

Figure 8 (A) Initial structure (blue) with the modeled C-terminal tail (Ser115–Leu119) highlighted in magenta, and MD snapshots at 25 ns, 50 ns, and 
100 ns shown in yellow. (B) MD-derived and predicted RMSF profiles for PDBid: 1BY2, using coordinates from the initial model and the 
100 ns snapshot.

8                                                                                                                                                                                                                                                       Bioinformatics, 2026, Vol, 42, Issue 4 



(12–15 Å). All-at-once calculation required 12 s and �19 GB of 
RAM, whereas the by-parts computation (cutoff 12 Å) was nearly 
twice as fast (6 s) and used less than 1 GB of memory (Table 1). 
The correlations with MD-derived RMSF for Cα atoms were 
�0.79 at both cutoff distances of 12 Å and 15 Å. Only minor dif
ferences were observed between the all-at-once and by-parts 
approaches (Table 1).

As the cutoff distance defining the surrounding region of each 
segment increases, both accuracy and computation time in
crease; conversely, reducing the cutoff decreases both accuracy 
and computation time. This trend is shown in Table 2, which 
summarizes the results for the entire cryo-EM dataset using by- 
parts approach. Reducing the cutoff below 12 Å results in a nota
ble drop in correlation, while values of 15 and 20 Å yield similar 
performance. Thus, a cutoff of 12–15 Å provides an effective bal
ance between accuracy and computational efficiency. For the 
full cryo-EM dataset (335 proteins), the total computation time 
was several tens of minutes (Table 2). These results demonstrate 
that the GDV linear model provides accurate, near–real-time 
RMSF predictions even for very large proteins.

Conclusion
In this study, the GDV linear model is introduced as a fast, light
weight and accurate method for predicting protein flexibility. A 
key advantage of this approach, beyond its simplicity and 
speed—which allow near real-time use even on standard lap
tops—is that it relies solely on atomic coordinates and does not 
require any additional external data or annotation library. Even 
for proteins with approximately 20 000 atoms, it takes less than 
10 seconds to convert the 3D structure to a graph, calculate 
GDVs, and predict all-atom RMSF profile.

For any protein structure, the algorithm computes atomic GDVs, 
applies the GDV linear model, and predicts normalized RMSF val
ues using only atomic coordinates. This allows efficient, interpret
able, and reproducible estimation of atomic fluctuations without 
requiring additional input features such as atom type, secondary 
structure, or AlphaFold2-derived confidence scores. However, 
there are several opportunities to improve the GDV linear model. 
Performance could be improved for highly elongated, rod-like pro
teins to better capture low-frequency, collective vibrational 
modes. In addition, for multidomain protein systems, further de
velopment is needed to more accurately describe large-scale con
formational motions, such as hinge-like domain rearrangements. 
Currently, the model captures the local environment of each atom 
through 15 local features, which do not account for long-range 
conformational effects important for inter-domain motions.

The GDV linear model has previously been used to predict B- 
factors in crystal structures, including assessing the impact of 
large ligands such as DNA (deoxyribonucleic acid) and crystal 
packing. Similarly, GDV linear model could be applied to study 
RMSF profiles in monomeric versus homo-dimeric states, or in 
protein–protein and protein–DNA complexes, demonstrating its 
versatility for a range of structural biology applications.

Acknowledgments
The author thanks the anonymous reviewers for their valuable 
suggestions.

Author contributions
Jure Pra�znikar (Conceptualization, Methodology, Data curation, 
Writing–Original draft preparation, Visualization, Investigation)

Conflict of interests
None declared.

Funding
This work was supported by Structural Biology grant P1-0048 
and Infrastructure Programme grant I0-0035-2790 provided by 
the Slovenian Research Agency.

Data availability
The data are available at https://doi.org/10.5281/zen 
odo.17771418.

References
Andreeva A, Howorth D, Chothia C et al. Scop2 prototype: a new 

approach to protein structure mining. Nucleic Acids Res 2014; 
42:D310–D314.

Bahar I, Atilgan AR, Erman B. Direct evaluation of thermal fluctu
ations in proteins using a single-parameter harmonic poten
tial. Fold Des 1997;2:173–81.

Table 1 Performance statistics for PDB entry 6SUP from the ATLAS 
database include correlation, computation time, and peak RAM usage.

All-at-once By-parts By-parts
12 Å 15 Å

rep. 1 0.804 0.793 0.803
rep. 2 0.790 0.786 0.791
rep. 3 0.798 0.792 0.799
time [s] 12 6 8.5
mem. [GB] 19 0.7 1.1

Table 2 Performance statistics (correlation and computation time) for 
the cryo-EM dataset.

Cutoff Å Mean corr. Time (minutes)

8 0.593 15
12 0.690 26
15 0.704 33
20 0.706 57

Graph conversion was performed on the full dataset of 335 proteins, while 
correlations were calculated for a subset of 321 proteins (see Methods 
for details).

Bioinformatics, 2026, Vol, 42, Issue 4                                                                                                                                                                                                                                                        9 

https://doi.org/10.5281/zenodo.17771418
https://doi.org/10.5281/zenodo.17771418


Brooks BR, Jane�zi�c D, Karplus M. Harmonic analysis of large sys
tems. I. Methodology. J Comput Chem 1995;16:1522–42. https:// 
onlinelibrary.wiley.com/doi/pdf/10.1002/jcc.540161209.

Case DA. Normal mode analysis of protein dynamics. Curr Opin 
Struct Biol 1994;4:285–90.

Case DA, Cheatham TE, Darden T et al. The amber biomolecular 
simulation programs. J Comput Chem 2005;26:1668–88.

Case DA, Aktulga HM, Belfon K et al. AmberTools. J Chem Inf 
Model 2023;63:6183–91.

Csardi G, Nepusz T. The igraph software package for complex 
network research. InterJournal Complex Sy 2006:1695:1–9.

Grant BJ, Rodrigues APC, ElSawy KM et al. Bio3d: an r package 
for the comparative analysis of protein structures. 
Bioinformatics 2006;22:2695–6.

Guo H-B, Perminov A, Bekele S et al. AlphaFold2 models indicate 
that protein sequence determines both structure and dynam
ics. Sci Rep 2022;12:10696.

Haliloglu T, Bahar I, Erman B. Gaussian dynamics of folded pro
teins. Phys Rev Lett 1997;79:3090–3.

Hong L, Lei J. Scaling law for the radius of gyration of proteins 
and its dependence on hydrophobicity. J Polym Sci B Polym 
Phys 2009;47:207–14. https://onlinelibrary.wiley.com/doi/pdf/ 
10.1002/polb.21634.

Hooft RWW, Vriend G, Sander C et al. Errors in protein structures. 
Nature 1996;381:272–

Ho�cevar T, Dem�sar J. A combinatorial approach to graphlet 
counting. Bioinformatics 2014;30:559–65.

Ho�cevar T, Dem�car J. Computation of graphlet orbits for nodes 
and edges in sparse graphs. J Stat Soft 2016;71:1–24.

Huang J, Rauscher S, Nawrocki G et al. CHARMM36m: an im
proved force field for folded and intrinsically disordered pro
teins. Nat Methods 2017;14:71–3.

Jamroz M, Kolinski A, Kihara D. Structural features that predict 
real-value fluctuations of globular proteins. Proteins 2012; 
80:1425–35.

Jamroz M, Kolinski A, Kmiecik S. CABS-flex: server for fast simu
lation of protein structure fluctuations. Nucleic Acids Res 
2013;41:W427–31.

Jamroz M, Kolinski A, Kmiecik S. CABS-flex predictions of protein 
flexibility compared with NMR ensembles. Bioinformatics 
2014;30:2150–4.

Joosten RP, Salzemann J, Bloch V et al. PDB-REDO: automated 
re-refinement of X-ray structure models in the PDB. J Appl 
Crystallogr 2009;42:376–84.

Joosten RP, Long F, Murshudov GN et al. The PDB-REDO server 
for macromolecular structure model optimization. IUCrJ 2014; 
1:213–20.

Jumper J, Evans R, Pritzel A et al. Highly accurate protein struc
ture prediction with AlphaFold. Nature 2021;596:583–9.

Kuhn M. Building predictive models in R using the caret package. 
J Stat Soft 2008;28:1–26.

Ma J. Usefulness and limitations of normal mode analysis in 
modeling dynamics of biomolecular complexes. Structure 
2005;13:373–80.

Meyer T, D’Abramo M, Hospital A et al. MoDEL (molecular dy
namics extended library): a database of atomistic molecular 
dynamics trajectories. Structure 2010;18:1399–409.

Mirarchi A, Giorgino T, De Fabritiis G. mdCATH: a large-scale MD 
dataset for data-driven computational biophysics. Sci Data 
2024;11:1299.

O’Reilly M. 2024. netdist: An implementation of the NetEMD 
alignment-free network distance measure.

Orengo CA, Michie AD, Jones S et al. Cath–a hierarchic classifica
tion of protein domain structures. Structure 1997;5:1093–108.

Pra�znikar J. Scaling laws of graphs of 3D protein structures. J 
Bioinform Comput Biol 2021;19:2050050.

Pra�znikar J. Using graphlet degree vectors to predict atomic dis
placement parameters in protein structures. Acta Crystallogr 
D Struct Biol 2023;79:1109–19.

Pra�znikar J. Prediction of temperature factors in proteins: effect 
of data Pre-Processing and experimental conditions. Crystals 
(Basel) 2025;15:455.

Pr�zulj N. Biological network comparison using graphlet degree 
distribution. Bioinformatics 2007;23:e177–e183. _eprint: 0901. 
4589.

R Core Team 2025. R: A Language and Environment for Statistical 
Computing. Vienna, Austria: R Foundation for Statistical 
Computing.

Skjaerven L, Hollup SM, Reuter N. Normal mode analysis for pro
teins. J Mol Struct THEOCHEM 2009;898:42–8.

Song X, Bao L, Feng C et al. Accurate prediction of protein struc
tural flexibility by deep learning integrating intricate atomic 
structures and Cryo-EM density information. Nat Commun 
2024;15:5538.

Sun T, Lin F-H, Campbell RL et al. An antifreeze protein folds 
with an interior network of more than 400 Semi-Clathrate wa
ters. Science 2014;343:795–8. https://www.science.org/doi/ 
pdf/10.1126/science.1247407.

Tanner JJ. Empirical power laws for the radii of gyration of 
protein oligomers. Acta Crystallogr D Struct Biol 2016; 
72:1119–29.

Tirion MM. Large amplitude elastic motions in proteins from a 
single-parameter, atomic analysis. Phys Rev Lett 1996;77:1905–8.

van der Kamp MW, Schaeffer RD, Jonsson AL et al. 
Dynameomics: a comprehensive database of protein dynam
ics. Structure 2010;18:423–35.

Vander Meersche Y, Cretin G, Gheeraert A et al. ATLAS: protein 
flexibility description from atomistic molecular dynamics sim
ulations. Nucleic Acids Res 2024;52:D384–D392.

Vander Meersche Y, Diharce J, Gelly J-C et al. Flexibility or uncer
tainty? A critical assessment of AlphaFold 2 pLDDT. Structure 
2025;33:2157–63.e2.

Webb B, Sali A. Comparative protein structure modeling using 
MODELLER. CP in Bioinformatics 2016;54:5.6.1–37.

Wong J. 2022. pdist: Partitioned Distance Function.
Wr�oblewski K, Kmiecik S. Integrating AlphaFold pLDDT scores 

into CABS-flex for enhanced protein flexibility simulations. 
Comput Struct Biotechnol J 2024;23:4350–6.

Yang L, Song G, Jernigan RL. Protein elastic network models and 
the ranges of cooperativity. Proc Natl Acad Sci U S A 2009; 
106:12347–52.

Zhang Y, Skolnick J. TM-align: a protein structure alignment algo
rithm based on the TM-score. Nucleic Acids Res 2005;33:2302–9.

10                                                                                                                                                                                                                                                     Bioinformatics, 2026, Vol, 42, Issue 4 

https://onlinelibrary.wiley.com/doi/pdf/10.1002/jcc.540161209
https://onlinelibrary.wiley.com/doi/pdf/10.1002/jcc.540161209
https://onlinelibrary.wiley.com/doi/pdf/10.1002/polb.21634
https://onlinelibrary.wiley.com/doi/pdf/10.1002/polb.21634
https://www.science.org/doi/pdf/10.1126/science.1247407
https://www.science.org/doi/pdf/10.1126/science.1247407


© The Author(s) 2026. Published by Oxford University Press.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits 
unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.
Bioinformatics, 2026, 42, 1–10
https://doi.org/10.1093/bioinformatics/btag175
Original Paper


	Active Content List
	Introduction
	Methods
	Data
	Results
	Conclusion
	Acknowledgments
	Author contributions
	Conflict of interests
	Funding
	Data availability
	References


