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by definition refer to the directions of motions 
that require the least energy ascent near the 
original energy minimum, may as well point 
to such easily accessible substates that may 
be located within the same global minimum 
in the smoothed-out surface. This is the 
first advantage of coarse-graining, that of 
eliminating local barriers which might oth-
erwise form traps on the energy landscape. 
Secondly, the ENMs are mathematically 
exact, i.e. they provide a unique analytical 
solution for each structure defined by its 
complete topology of inter-residue contacts. 
The loss of physicochemical accuracy is 
therefore partly compensated by the math-
ematical rigor of the network analysis, which 
helps identify the most cooperative direc-
tions of reconfiguration uniquely favored by 
the overall architecture. Thirdly, it is worth 
noting that these directions are by definition 
those favored by the conformational entropy 
of the overall architecture, which calls atten-
tion to the significant driving force of entropy 
maximization in dominating the movements 
accessible for achieving function.

Yet, the lack of atomic details, and the 
need to consider residue specificity, espe-
cially near active regions of proteins or at 
drug-binding pockets has been a drawback 
for the utility of ENMs in specific applications, 
which led to the development of hybrid 
approaches as described next.

Enhancing conformational sampling 
in all-atom MD simulations and 
docking simulations

ENMs predict low-frequency movements 
but do not capture events at atomic resolu-
tion because the system is coarse-grained 
to N nodes (interaction units) from the M total 
number of atoms, and the use of uniform har-
monic potentials is a major simplification that 
overlooks residue specificity. Consequently, 
the degrees of freedom, and thus the num-
ber of modes, decrease from 3M-6 to 3N-6, 
and all non-linear interactions are neglected. 
For this reason, all-atom details are absent 
in the ENM predictions. As described previ-
ously, the global motions predicted by ENMs 
show good agreement with those sampled 
through computationally highly demanding 
extensive MD simulations,4 which have 3M 
degrees of freedom, and this is partly due to 
the dominant effect of entropy and the fact 
that ENMs take rigorous account of overall 
connectivity or topology of contacts. 

Recent advances in computational soft-
ware and hardware have expanded the 
standard system size and simulation lengths 
for all-atom MD simulations to roughly 
100,000 atoms and several hundred nano-
seconds, respectively. However, for system 
sizes of about 1 million atoms and larger, 
the number of reported all-atom MD studies 

large-scale conformational transitions of the 
protein required for substrate transport. This 
approach highlighted that the presence of 
the membrane not only lowers the overall 
energy required for these transitions but 
also selectively modulates the motions of the 
transporter, thereby providing a more com-
prehensive understanding of the protein’s 
dynamics in its native environment.34

How does a simple linear model 
provide a reasonable description of 
conformational behavior?

It is important to note that the ANM pre-
dicts movements within an energy well, by 
definition. So, one may wonder how it is pos-
sible to achieve a high correlation between 
ANM-predicted modes of motion and the 
conformational transitions observed experi-
mentally between two substates presumably 
separated by an energy barrier. The answer 
lies in three facts: first, coarse-graining 
smooths out the energy surface such that 
substates separated by a low energy barrier 
(which are often required for transient events 
such as alternating access here) could be 
even merged within a shallow global mini-
mum. The slowest modes of motion, which 

extracellular (EC) and intracellular (IC) vesti-
bules, respectively. These transitions enable 
the binding of substrates in the OFo state 
and their release in the IFo state, thereby 
completing the transport cycle. By exam-
ining the collective dynamics of monomers 
and dimers, the study revealed that dimer-
ization induces specific modes of motion 
that facilitate these functional transitions. 
This marked the first instance of using ANM 
to provide a detailed mechanistic under-
standing of how oligomerization modulates 
the intrinsic motions of protein monomers, 
thereby playing a vital role in their biological 
function. The findings underscore the impor-
tance of protein oligomerization in achieving 
efficient substrate transport, providing val-
uable insights into the structural dynamics 
of NSS proteins and their functional optimi-
zation through dimerization. Furthermore, 
the ANM analysis also demonstrated the 
significant effects on protein dynamics due 
to protein-membrane couplings. Specifically, 
the incorporation of membrane constraints 
into ANM, as evidenced in the study of 
the glutamate transporter GltPh, revealed 
that the constraints imposed by the mem-
brane selectively guide and facilitate the 

Figure 2: Residue fluctuations of PR65, the scaffolding subunit of the phosphatase 
PP2A. Residue fluctuation were obtained from GNM30, all-atom MD simulations31 and 
ANM analysis of the monomeric PR65, while the B-factors for PR65 are reported for 
the homo-dimeric PR65 X-ray structure (PDB ID 1B3U32). Magnitudes were normalized 
with respect to MD simulations. The PR65 structure (PDB ID: 6NTS33) is shown in a 
cartoon representation, with the magnitude of residue fluctuations observed in MD 
simulations color-coded from blue (lowest) to red (highest, at the N-terminus, with 
green indicating relatively large fluctuations. The periodicity of fluctuations originates 
from the tandem repeat (TR) structure of PR65 which is composed of 15 HEAT 
repeats.
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Leucine transporter (LeuT), a bacterial mem-
brane protein and an important ortholog of 
neurotransmitter transporters in humans 
as mentioned above, coMD successfully 
enabled the sampling of the conformational 
transition between its extreme endpoints, 
the OFo and IFo structures at full atomic 
resolution.40 Subsequently, by initiating unbi-
ased simulations from intermediate confor-
mations across the transition, the free energy 
surface of LeuT's functional dynamics was 
generated (Figure 4).40

Hybrid methods have also found utility 
in the incorporation of receptor flexibility in 
docking studies. For example, ClustENMD 
approach combines deformation of struc-
tures along ANM modes, clustering and 
relaxation simulations using standard MD41. 
The utility of this method in ensemble 

on integrated ENM and MD simulations 
demonstrated enhanced computational 
efficiency across three different techniques 
without sacrificing accuracy.38 These meth-
ods initially focused on sampling enhance-
ment, but their extensions have also proven 
effective in delivering accurate predictions 
of the free energy variations and surfaces 
related to functional protein motions. For 
example, the Collective MD (coMD)39 meth-
odology harnesses collective modes of 
motion encoded by the fold and evaluates 
interactions and energetics through MD sim-
ulations. The core strategy involves selecting 
ANM-predicted modes using a Monte Carlo/
Metropolis algorithm, collectively deform-
ing the structure along these modes, and 
directing all-atom MD simulations to sample 
collective changes in the overall structure 
at an atomic resolution. In the case of the 

are scarce, and the simulation times, often 
limited to microseconds, can become insuf-
ficient. Owing to the correlation between 
ENM-predicted global modes and protein 
functional dynamics, hybrid MD simulation 
techniques36,37 that incorporate ENM modes 
to enhance conformational sampling, have 
become increasingly popular. ENM-MD 
hybrid methods employ ENM-predicted 
global modes to depict large-scale motions, 
such as domain rearrangements, while deliv-
ering atomic coordinates and taking account 
of detailed residue-specific energetics via 
all-atom MD simulations. Hybrid methods 
facilitate a natural selection of reaction coor-
dinates guided by the ENM modes intrin-
sically accessible to the protein fold, while 
also incorporating non-linear effects that are 
absent in ENM calculations. In fact, a recent 
critical evaluation of hybrid methods based 

Figure 3: The ability of ANM modes to predict the IF ↔ OF transition for monomeric and dimeric dopamine transporter (DAT). 
The bars represent the correlation cosines, cos(d, uk), between the motions driven by the individual modes (10 slowest modes, 1 ≤ 
k ≤ 10, along the abscissa) and the deformation vector dd = RR(IFo) – RR(OFo) experimentally observed between the IF open and OF 
open states of DAT in either direction, starting from (A) OF open and (B) IF open structures. Results for the protomers in the DAT 
dimer and the DAT monomers are indicated by the respective green and light-blue bars. The ribbon diagrams illustrate the collective 
motions driven by ANM mode 3 (A) and mode 4 (B) that achieve the highest correlation cosine with experiments. DAT monomers 
used as input were taken from MD simulations35 and dimers were built29 using them. For further details, please refer to Gur et al.29
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simulations in hybrid simulations. The inte-
gration of ENMs with MD simulations and 
cryo-EM is currently a broadly pursued area 
toward enabling detailed insights into pro-
tein conformational landscapes and func-
tional mechanisms. As computational and 
experimental techniques continue to evolve, 
ENMs will undoubtedly play a crucial role in 
advancing our understanding of complex 
biological systems. Their ability to bridge 
the gap between computational efficiency 
and biological accuracy makes them key 
in the ongoing quest to solve the molecular 
details of life. The future of ENMs lies in their 
continued refinement and application across 
diverse biological contexts, promising even 
greater contributions to the field of struc-
tural biology, in tandem with advances in 
experimental characterization of structures 
or contact topologies at multiple scales. A 
recent example along such directions is the 
GNM-based evaluation of chromosomal 
dynamics based on contact between gene 
loci collected by Hi-C technology for entire 
genomes, allowing for the first time a struc-
ture-based understanding of cell-specific 
gene expression and gene-gene correla-
tions patterns for the entire chromatin.47-49

providing a comprehensive view of the struc-
tural dynamics. Another approach is the 
combination of MD simulations with ENMs, 
such as the MDeNM-EMfit45 method. This 
technique involves performing MD simu-
lations driven by ENM-predicted normal 
modes describing collective motions, while 
refining local elements through full atomic 
force field representations. This hybrid 
method enhances the sampling efficiency 
and accuracy of conformational landscapes 
derived from cryo-EM data by progressively 
directing the sampling toward conformations 
with higher correlations with the experimen-
tal cryo-EM maps. 

Conclusion
The journey of ENMs from theoretical 

constructs to indispensable tools in compu-
tational biology underscores their profound 
impact on the study of protein dynamics. 
ENMs, with their simplified harmonic approx-
imations, provide a robust framework for 
understanding the intrinsic motions and flexi-
bility of proteins. The ENM-based application 
programming interface ProDy46 has met an 
important need in the structural and com-
putational biology community, evidenced 
by its broad usage worldwide. This review 
has highlighted the significant milestones in 
the development of ENMs, from the GNM 
to the ANM, their applications in predicting 
experimental observations and their utility 
in their combined use with all-atom MD 

docking lies in its ability to yield a spectrum 
of conformations for the docking target. This 
has been demonstrated in predicting ligand 
binding to highly flexible receptors42 as well 
as protein-protein/DNA associations43. 

Combining strength of ENMs and 
Cryo-Electron Microscopy in the era 
of cryo-EM resolution revolution

Cryo-electron microscopy (cryo-EM) 
is a technique that has gained increased 
importance in recent years, as it now allows 
for the determination of large biomolecu-
lar structures at near-atomic resolution by 
flash-freezing samples and capturing images 
using an electron microscope. This method 
generates high-resolution 3D structures 
of macromolecular complexes, providing 
detailed structural information on alternative 
substates, but often lacking dynamic and 
temporal insights into the mechanisms of 
passages between those substates. To 
combine the strengths of cryo-EM structure 
determination and ENM analysis of collective 
dynamics, various hybrid methodologies 
have been developed.37 One of them is the 
Hybrid Electron Microscopy Normal Mode 
Analysis (HEMNMA)44, which integrates 
NMA with cryo-EM data. HEMNMA uses 
the global motions predicted by ENMs to 
deform structures into conformations that fit 
the cryo-EM density maps. This approach 
enables the extraction of continuous con-
formational changes from cryo-EM data, 

Figure 4: Free energy surface of LeuT obtained through the combined use of ENM and MD simulations via coMD. Left panel: 
The free energy surface is shown as a function of the degree of EC and IC vestibules’ openings. Refer to Gur et al.40 for details. Right 
panel: Molecular structure of the outward-facing (OFo) LeuT dimer in the presence of membrane and solvent. Residues used to 
define EC and IC vestibules are shown in red and green respectively.
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