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Abstract

Adenylyl cyclases (ACs) play a key role in many signaling cascades. ACs cata-

lyze the production of cyclic AMP from ATP and this function is stimulated or

inhibited by the binding of their cognate stimulatory or inhibitory Gα subunits,

respectively. Here we used simulation tools to uncover the molecular and sub-

cellular mechanisms of AC function, with a focus on the AC5 isoform, exten-

sively studied experimentally. First, quantum mechanical/molecular

mechanical free energy simulations were used to investigate the enzymatic

reaction and its changes upon point mutations. Next, molecular dynamics sim-

ulations were employed to assess the catalytic state in the presence or absence

of Gα subunits. This led to the identification of an inactive state of the enzyme
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that is present whenever an inhibitory Gα is associated, independent of the

presence of a stimulatory Gα. In addition, the use of coevolution-guided multi-

scale simulations revealed that the binding of Gα subunits reshapes the free-

energy landscape of the AC5 enzyme by following the classical population-shift

paradigm. Finally, Brownian dynamics simulations provided forward rate con-

stants for the binding of Gα subunits to AC5, consistent with the ability of the

protein to perform coincidence detection effectively. Our calculations also

pointed to strong similarities between AC5 and other AC isoforms, including

AC1 and AC6. Findings from the molecular simulations were used along with

experimental data as constraints for systems biology modeling of a specific

AC5-triggered neuronal cascade to investigate how the dynamics of down-

stream signaling depend on initial receptor activation.

This article is categorized under:

Structure and Mechanism > Computational Biochemistry and Biophysics

Molecular and Statistical Mechanics > Molecular Dynamics and Monte-

Carlo Methods

Software > Molecular Modeling

KEYWORD S

adenylyl cyclases, molecular simulation, systems biology modeling

1 | INTRODUCTION

To perform their functions, cells need to sense and process various signals representing the state of their external and inter-
nal environment. Examples are signals representing the availability of nutrients, the level of cellular damage, and, particu-
larly important for multicellular organisms, various communication signals that serve to coordinate cellular activity among
tissues and/or organs. The required signal processing is achieved through specialized molecular circuits, called signal trans-
duction cascades, that have evolved to elicit suitable responses to different stimuli. Examples include the activation of cellu-
lar motors to propel a bacterium toward nutrients, the start of cellular repair mechanisms, and the strengthening and
weakening of synapses in the nervous system. For extracellular signals, the cascades typically start with cell-surface recep-
tors with a high specificity for a particular molecule (an agonist), which upon binding triggers a chain of chemical reactions
inside the cell, thus relaying the signal across the membrane. Very often, the beginning of a cascade involves activating an
enzyme that amplifies the extracellular signal by producing large amounts of an intracellular second messenger. Such is
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the case with the family of mammalian adenylyl cyclase enzymes (ACs). These catalyze the conversion of adenosine tri-
phosphate (ATP) to cyclic adenosine monophosphate (cAMP)—one of the main cellular second messenger signaling mole-
cules. The main regulators of AC activity are G proteins, the first proteins to be activated when the cell-surface receptors
(the so-called G-protein coupled receptors or GPCRs) bind their extracellular ligand. The regulation of AC activity can be
bi-directional, with some G proteins stimulating the enzymes and others inhibiting them. Having in mind that ACs are also
regulated by many other molecules, such an arrangement allows not only for signal transduction, but also for the integra-
tion of multiple signals (relayed by the regulators) at the start of the signaling cascade. Studying ACs and their regulation is
therefore of central importance for understanding how various cellular processes are activated and controlled.

In the past few years, a consortium within the Human Brain Project (HBP) EU flagship has systematically investi-
gated structure, function, and dynamics of AC enzymes and their complexation with activated G proteins by multiscale
molecular simulations, from quantum to coarse grained levels. Relevant findings were incorporated in systems biology
network models of an AC-based signal transduction network that controls synaptic plasticity in striatal projection neu-
rons. Taken together, these studies provide an unprecedented view on AC enzyme regulation and provide insight into
the implications of the latter for complex brain processes involving synaptic plasticity and learning, such as reinforce-
ment learning.1 This focus article shows the predictive power and the synergies of different techniques when applied to
the same system, and suggests that a similar approach could be successfully applied to other enzymatic systems.

2 | THE AC ENZYME AND ITS COMPLEXES WITH ITS COGNATE G
PROTEINS

The enzymes of the AC family act as central integrators of extracellular neurochemical signals from first messengers,
such as hormones and neurotransmitters.2 The AC family consists of nine transmembrane isoforms (AC 1–9) and one

FIGURE 1 Representation of the X-ray structure of one the two cytoplasmic domains of the adenylyl cyclases (AC) enzymes, bound to the

α subunit of the stimulatory G protein.11 The domain consists of the C1a subdomain from canine AC5 (red/yellow/orange) and the C2a

subdomain (blue/green/light green) from rat AC2 from the catalytic unit. Dashed lines indicate the location of the C termini of the C1a and C2a

subdomains to which the C1b and C2b subdomains, which were not resolved in this structure, are attached. Asterisks indicate the position of an

unresolved flexible loop. The α01, α02, and α03 helices of the C2a subdomain form a groove to which bovine Gs binds (gray) via its switch II helix

(dark gray). The α1, α2, and α3 helices of the C1a subdomain form a similar groove in a pseudosymmetric position. The protein is shown in

cartoon representation, three metal ions (Mn2+ and Mg2+) are shown as magenta spheres, and ligands are shown in stick representation colored

according to atom type. A sulfur derivative of GTP (green carbons) is bound to Gαs and a sulfur derivative of AC's substrate ATP (green carbons)

and forskolin (cyan carbons), a promoter of AC activity, bind at the interface of the C1a and C2a subdomains. Figure adapted from Tong et al.18
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soluble protein (AC 10 or sAC). Although abundantly available, AC isoforms differ in their tissue distribution. They are
all expressed in the central nervous system (CNS), where they play a key role in synaptic plasticity, long-term potentia-
tion, sensory perception and many other processes.3–5

ACs catalyze the cyclization of ATP to the second messenger cAMP, thereby changing intracellular cAMP concen-
trations. cAMP, by binding to specific cytoplasmic proteins, activates a multitude of downstream events. AC function is
modulated by a variety of cognate proteins. The main regulators are G proteins, heterotrimers consisting of α, β and γ
subunits.1 GTP-bound stimulatory Gαs and its structurally similar8,9 olfactory Gαolf subunits activate all AC isoforms,
while the myristoylated inhibitory Gαi modulates the activity of ACs 1, 5, 6.7,10 The Gβγ subunits can also stimulate or
inhibit ACs except AC 9.2

ACs consist of an N-terminal domain (N), two membrane-spanning domains (M1, M2), and two cytoplasmic
domains (C1, C2). Several X-ray crystal structures of the stimulated catalytic domains, C1 and C2, complexed to Gαs
and in an isolated form have been resolved11–15 as well as an activated AC9 structure including the membrane
domains.16 Each of these structures includes a pseudosymmetric heterodimer (C1 and C2) with the catalytic site at the
interface between the C1a and C2a subdomains17 (Figure 1). Gαs associates to the C2a subdomain and stabilizes the
C1a/C2a heterodimer. This harbors the AC's catalytic site at its interface. ATP is stabilized by magnesium ions and resi-
dues in the pocket. In contrast, experimental structural information is lacking for the AC:Gi complex, hampering a
complete understanding of the mechanism of inhibition of the enzyme by this cognate protein. Structural information
is available for Gi in isolation19 and in absence of a key posttranslational modification present across all mammalian
proteins, myristoylation of the N-terminus.20–22 Finally, it is unclear if trimeric Gαs -AC-Gαi complexes are formed in
the cell and if so, if they are catalytically active or not.

3 | MULTISCALE SIMULATIONS OF AC5

We have applied a multiscale simulation approach to address these questions, and used these results to model a specific
signaling pathway involving AC enzymes in memory rewarding processes in the brain. The main results of this joint
effort are reported here, along with technical details. We refer the reader to References 23–26 for more comprehensive
information about the simulation methodology employed. We focus mostly on the AC5 isoform from different mam-
mals, including mouse, rat and human (Sections 3 and 4). Insights into other members of the superfamily were also
deduced (Section 5). At the time this work began, the only available structural information was that of holo and apo
ACs' catalytic domains in complex with Gαs.11,12 All calculations presented here are based on this information.2 We first
studied AC on the quantum mechanical (QM) level via mixed QM/molecular mechanical (MM) simulations to investi-
gate the free-energy landscape of its catalytic mechanism, converting ATP to cAMP and pyrophosphate (Section 4).
Then we moved to an atomistic description of the model for which we evaluated different AC5 states in classical all-
atom molecular dynamics (MD) simulations, such as AC in the presence and absence of Gαi and Gαolf to assess AC's
stability and catalytic propensity (Section 5). Section 6 describes a normal mode analysis of the classical MD results,
which leads to a deeper insight into AC5's conformational flexibility. Section 7 shows how coevolution data can be used
in combination with metadynamics simulations to investigate the free-energy landscape of AC5 in the absence and
presence of G proteins. Section 8 applies Brownian dynamics (BD) simulations to predict the association rate constants
for G-protein binding to AC5 using protein structures from the classical MD results. These rate constants, as well as the
results on AC5 regulation from the classical MD simulations, were then used in our deterministic kinetic models
described in Section 9 to study the functional implications of these findings on the AC5-based signal transduction cas-
cade which regulates synaptic plasticity in striatal projection neurons. Finally, Section 10 extends our study to other
members of the AC family by comparing the sequences, structures and electrostatic potentials of AC5 with those of the
other eight transmembrane AC isoforms.

4 | QM/MM SIMULATIONS OF A CHIMERIC MODEL OF AC

Within the range of applicability of transition state theory, parameters of enzymatic kinetic equations may be related to
the reaction free-energy profile, which is accessible through atomistic simulations, provided that chemical bonds are
allowed to break and/or form, and high energy configurations are properly sampled during the simulation. Quantum
chemical methods are required to model the reorganization of chemical bonds, and given that the reaction takes place
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within the protein environment, the hybrid QM/MM approach is particularly suitable to account for steric and electro-
static effects. Employing enhanced sampling methods, high energy configurations may be visited and characterized dur-
ing MD simulations. QM/MM simulations were used here to reveal relative changes in kcat due to point mutations.
Through the integrated approach outlined in this review, it may be possible to study how these changes are propagated
at the system level.

The choice of the QM level is a key aspect to consider when performing mechanistic studies of chemical reactions.
In this context, semi-empirical methods usually perform with lower accuracy (both in terms of activation energies and
reaction pathways, thus possibly leading to wrong mechanistic conclusions) compared to more advanced QM methods
(such as density functional theory, DFT), yet they offer the advantage of being computationally cheap and cover rela-
tively long trajectories on the ns timescale. We should mention that, as exascale computer architectures become avail-
able, the usage of highly scalable codes, such as the one described by Bolnykh et al.27,28 allows DFT-based QM/MM
simulations to reach timescales not vastly inferior to those obtained by semi-empirical methods29

The conversion of ATP to form cAMP via a cyclization reaction involves the nucleophilic attack of the O30 oxygen
on the α-phosphate of ATP, with an inversion of configuration and the dissociation of a pyrophosphate moiety
(Figure 2a,b). This bond rearrangement follows a mechanism involving two Mg2+ ions, common to many nucleic acid
processing enzymes.11 The X-ray structure of a chimeric model of dog/rat AC domains in complex with ATP and the
stimulatory Gα subunit is discussed in Reference 11 (see Section S2 of Appendix S1 for method details). First, we used
MD simulations to construct the Michaelis–Menten complex and achieve a catalytically competent reactant configura-
tion, in which the O30 nucleophile is bound to a Mg2+ ion, a feature not seen in the experimental structure. Then, we
predicted the free energy profile along the reaction coordinate shown in Figure 2c, using QM/MM-based umbrella sam-
pling simulations (see Section S2 of Appendix S1 for details). We used the semi-empirical PM6 method30 for the QM
subsystem. The free energy barrier turned out to be approximately 20 kcal/mol, in fair agreement with reported esti-
mates from experimental data that place the barrier between 15 and 19 kcal/mol.11,31,32 Furthermore, we found that
the free energy barrier increases by roughly 5 kcal/mol upon quenching the R1029 side chain charge (Figure 2d). This
suggests that the presence of this charged arginine is crucial for the efficiency of AC5, which is in line with the muta-
genesis experiments on AC5.32

5 | CLASSICAL MOLECULAR DYNAMICS SIMULATIONS OF AC5

Microsecond MD simulations were used to investigate the structural determinants of the AC5 protein in the presence
or absence of cognate Gα subunits, their impact on ATP conversion to cAMP, and the allosteric communication

FIGURE 2 Quantum mechanical/molecular mechanical (QM/MM) modeling of the conversion of ATP to cAMP. (a) Chemical scheme

of the reaction. (b) QM/MM setup of the adenylyl cyclases (AC)(ATP):Gαs complex active site used to study the enzymatic reaction. The QM

atoms are shown in ball and stick representation. All the other atoms in the system were treated with the classical force field. Bulk water is

not shown for clarity. (c) Close up of the QM region indicating the O30- Pα and OS-Pα distances used for the definition of the reaction

coordinate. (d) Free energy profile along the reaction coordinate for the wild-type AC chimeric enzyme (black line) and the enzyme after

quenching the Arg1029 side chain charges (red line) to mimic the effect of a point mutation to an uncharged residue
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between distant regulatory binding sites.33–37 The calculations were based on a modified Amber99SB force field38–41

and the GROMACS software package.42–45 The starting models were built based on available X-ray structures of AC5,
Gαi, and Gαolf and using homology modeling with Modeler46 and in silico docking with Cluspro and
HADDOCK2.247–49 (Figure 3a,c). The AC5:Gαi complexes simulated in References 34,37,50 were compatible with the
membrane location deduced from the recently determined full-length structure of AC916 (Figure 3a).

Both Cluspro and HADDOCK allow to incorporate prior knowledge in the form of presumed binding site residues,
which are used to guide the docking process toward these residues. In the HADDOCK runs, for example, mutagenesis
information was included through position restraints to guide the modeling of the complex predictions of the catalytic
AC5 domains and the Gαi subunit (Figure 3a,c). The recently developed machine-learning based AlphaFold
(AF) method,51 which has revolutionized the field of protein structure prediction,52 could be interesting to apply here.
Indeed, the multimer version of the algorithm53 could be used to predict the structural determinants of some of the AC:
Gα complexes.3

FIGURE 3 Structure and dynamics of the simulated Gαolf:AC5:Gαi complex. (a) Orientation of the ternary complex with respect to the

membrane, which is in line with the resolved full-length AC9 structure (PDB ID 6R3Q) in yellow.16 Gαolf is shown in gray, while Gαi and
the catalytic domain of AC5 are depicted in cyan and red (C2a)/blue(C1b), respectively. (b) 1 μs molecular dynamics (MD) trajectory of the

ternary complex described in panel (a) and (c).1 The distances between O3* and (a) Mg2+ during the dynamics is monitored: (i) short

distances near 3 Å represent the near-attack conformation of adenosine triphosphate (ATP) in the active site1; (ii) long distances around 7 Å

represent inactive ATP conformations. In the trajectory, a conformational change in ATP (see panel d) is reflected by an increase in the O3*-

(A)Mg2+ distance, leading to a state of the complex that is unable to sample the near-attack ATP conformation.1 (c) Cytosol view on the

Gαolf:AC5:Gαi complex in which the color coding matches the one in panel (a). GTPs are highlighted in orange and the myristoyl moiety in

yellow. ATP is encircled by a dashed black line and depicted in green. A detailed view of the active site is described in panel d. (d) Four

conformations of ATP in the active site of the ternary complex (Gαolf:AC5:Gαi) are highlighted.1 One representing the conformation found in

PDB ID 1CJK, the active AC conformation of the binary Gαs:AC complex, while the other three are snapshots from the MD trajectory shown

in panel (b). The time at which the three snapshots are extracted are highlighted in orange (41 ns) and green (400 ns), which are represented

by equivalently colored lines in panel b. At each frame, the O3*-(A)Mg2+ distance is shown in Å.
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Root-Mean-Square Deviations (RMSD) computed on separate domains in simulations of binary complexes33,34 rev-
ealed the existence of several long-lived substates in AC5 influenced by the presence or absence of G-protein subunits
(Figure 4). These simulations also showed that the presence of regulatory G proteins and ATP affect the rigidity of AC5
in the isolated and the associated forms, as assessed by the Root-Mean-Square Fluctuation (RMSF) profiles. We ana-
lyzed the impact of G proteins and ATP on AC5 flexibility by comparing the difference in RMSF of AC5 residues in the
different simulation setups. The conformations of the regulatory binding sites of AC5 were described using helix angle
and distance descriptors. This allowed us to describe the different conformations of AC in interaction with regulatory
proteins (Figure 4) and revealed the allosteric communication between the opposite binding sites of inhibitory and
stimulatory G proteins,33–37 as observed by Internal Normal Mode analysis (see Section 6).

A structural analysis of AC5 alone and in complex with G proteins1,33,34,36,37 suggested that (i) AC5 is activated in
the presence of Gαolf by locking ATP in a catalytic-compatible conformation; (ii) the protein is inhibited via increased
conformational and positional fluctuations of ATP in the presence of Gαi (Figure 3c,d) together with a change of the
shape of the active site that discourages ATP binding, as also observed in the coevolution-guided metadynamics simula-
tions (see Section 7).33–37 (iii) a ternary complex consisting of AC5 simultaneously associated with active Gαolf and
active myristoylated Gαi in its soluble form (not interacting with the membrane) may be formed in the absence or pres-
ence of ATP.36,37,50 However, the probability of ATP conversion of such a ternary complex (Figure 3) is significantly
reduced relative to that of the binary AC5:Gαolf complex in Figure 1 (Figure 3b,d). This information36,37,50 was incorpo-
rated in the mathematical modeling of the reinforcement learning signaling network, which revolves around AC regu-
lation via G-protein activation1 (See Section 9).

6 | COARSE-GRAINED NORMAL MODE ANALYSIS IN INTERNAL
COORDINATES OF AC5

Normal Mode Analysis (NMA) is one of the most common methods used to probe large-scale, shape-changing motions
in biological molecules and it is a computationally inexpensive method. To obtain the frequencies ωk and the eigenvec-
tors Aik, the following generalized eigenvector problem has to be solved:

HAW¼FA, ð1Þ

where W is a positive diagonal matrix whose elements are Wik ¼ δikωik with δik a Kronecker delta (i and k are two
generic indices of the matrix), H is the kinetic matrix and F is the Hessian matrix. The kinetic matrix H is defined by

FIGURE 4 Conformations of AC5 observed in molecular dynamics simulations of binary complexes in presence of adenosine

triphosphate. Conformations are averaged over the last 500 ns of 1.5 μs trajectories.33,34 Gray: AC5(ATP), pink: AC5(ATP):Gαolf, cyan: AC5
(ATP):Gαi. ATP molecules are shown in stick representation. Gα subunits are not shown for clarity, but their binding sites are labeled. Red

arrows point to main structural differences. Left: membrane side view. AC5 in interaction with Gαolf (pink) has a closed Gαi binding site and
an open β2 loop; AC5 in interaction with Gαi (blue) or alone (gray) has a closed Gαolf binding site. Right: cytosolic side view. The C1 and C2

domains are closer together in AC5:Gαolf (pink) than in other conformations, and the location of the ATP molecule differs.
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Hij ¼
X

a
ma

∂ r
!

a

∂qi

∂ r
!

a

∂qj
, ð2Þ

where qi and qj are the internal coordinates i and j, respectively, r
!

a and ma are the position vectors and the atomic
masses of each atom a, respectively. The Hessian matrix F is defined by Fij ¼ ∂2Ep

∂qi ∂qj
with Ep the potential energy.

In this study of AC5, NMA was performed using a coarse-grained model to represent AC5. An anisotropic elastic
network, in which pseudo-atoms are connected by springs if their distance is closer than a chosen cutoff, was used to
compute the potential energy. The most common model contains only Cα atoms.54 However, representations that
include several particles per residue better capture structural details along the movements.55–57 Among the latter, we
used the coarse-grained model PaLaCe (named after the developers Pasi, Lavery, and Ceres)58 to describe the protein(s)
and their interactions with iNMA (Internal Normal Mode Analysis).59 PaLaCe is characterized by a two-tier representa-
tion (one for bonded and another one for nonbonded interactions). Three backbone beads (N, Cα, and C0) are used for
backbone representation and one or two beads for the side chain. An implicit model took into account the solvent and
the ions present in solution. PaLaCe was parameterized using a large body of structural information on soluble,
globular proteins in their native state present in the PDB.60 It is characterized by a residue-dependent level of coarse-
graining. The two-tier representation, and in particular an atomic-scale backbone, with the torsional energies depen-
dent on both the backbone ϕ,ψ , and side-chain torsions α,β γ (Etor ¼

P
α,β,γð ÞEtor τð ÞþP

α,β,γð Þ, ϕ,ψð ÞEtor τ1,τ2ð Þ) allows
avoiding any artificial restraints on secondary structure. PaLaCe can be used to properly maintain structures of folded
proteins and to predict protein dynamic fluctuations and flexibility, as well as large-scale force-induced conformational
changes.58,59 However, it currently cannot be used for folding studies, and there is room for improvement regarding its
performance and its ability to predict protein–protein interactions.

Here, iNMA, using simplified representations of the protein structures in the PaLaCe model,58 was used to investi-
gate the effect of regulatory proteins on AC5 conformational flexibility. Comparison was made with the results from
MD simulations (see Section 5).33,34 The calculations were performed on the backbone dihedral angles (ϕ and ψ) that
capture proteins' global movements well.59,61,62 iNMA was used to investigate the global movements of AC5 alone and
in complex with Gαolf and/or GαI (i), the flexibility of the different molecular species (ii) and the impact on the flexibil-
ity of AC5 in the presence of either Gαolf and/or Gαi (iii), using similar strategies to the ones applied in the MD simula-
tions. Our starting structures were based on the homology models and docking results used in the MD simulations.4

They are also compatible with new structures obtained by Korkhov et al.16 as described in Section 5. iNMA turned out
to reproduce the RMSF of AC5 obtained by MD simulations (Figure S1). The first modes for AC5 show an allosteric
communication between the two binding sites that is modulated by the presence of Gαolf and/or Gαi (Figure S2). They
turned out to compare well with the ones obtained by Principal Component Analysis. The change in flexibility of AC5
upon binding of Gαolf and Gαi either in the Gαolf binding site or in its putative binding site was estimated by the differ-
ence in RMSF values for apo and the complex. iNMA calculations allowed us to rule out a model where Gαi would bind
at the Gαolf binding site, where AC5 flexibility was barely affected. On the contrary, when Gαi is in its putative binding
site, the intensities of the peaks are similar to those of AC5:Gαolf. In addition, the presence of either Gαi in the putative
binding site or Gαolf impacts the flexibility of both binding sites and the active site regions, as observed in MD
simulations.

To better understand the impact on AC5 fluctuations upon Gα binding, we also compared the modes of AC5 in
two conditions: (i) by constraining the positions of either Gαi or Gαolf in the binary complex and (ii) by considering
the two Gα subunits and AC5 alone.59 The presence of Gαi at the putative binding site strongly impacts the essential
dynamics of AC5, since the collective movements (the first modes) differ from those of AC5 alone. Finally, we char-
acterized the ternary complex by computing iNMA on AC5:Gαolf with Gαi at its putative binding site and Gαi:AC5
with Gαolf at its binding site. Gαi or Gαolf turned out to impact the flexibility of AC5 in two opposite way: Gαi
increased the flexibility of the Gαolf binding site and Gαolf rigidified the Gαi binding site (Figure 5). These results
suggest that the formation of the ternary complex is possible only when Gαolf is already bound to AC5, in agreement
with MD simulations. The latter sampled Gαi-compatible conformations of AC5 in the AC5:Gαolf:ATP complex, and
Gαolf-incompatible conformations in the AC5:Gαi complexes, with and without ATP.34 We conclude that iNMA is a
promising method to predict the flexibility of protein complexes and to understand the impact of the binding on a
specific protein. Our results, coupled with the findings obtained by MD simulations, provide a crucial piece of infor-
mation for the systems biology modeling.
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7 | COEVOLUTION-GUIDED METADYNAMICS SIMULATIONS OF AC5

The extraction of coevolved residue–residue contacts from sequence information alone is a powerful tool to guide the
search for native structures,64–66 as also demonstrated by AlphaFolds2's EvoFormer.51 Furthermore, coevolved contacts
have been used to model conformational ensembles67 and to identify functionally relevant transitions in proteins24,68

and nucleic acids.69,70 Indeed, pairwise coevolved amino acid positions correlate strongly with spatial proximity in
three-dimensional space. The underlying basic principle is rather intuitive: if two protein residues come in contact with
each other at some point in a protein's life, a destabilizing amino acid substitution at one position is expected to be com-
pensated by a substitution with a complementary residue in the other position during evolution, in order for the protein
to preserve its functional stability. We have recently shown that coevolutionary information can reduce the complexity
of the configurational space in protein–protein allosteric regulations.23 Homologues of human (h) AC5 were identified
from the clustered UniProt database (uniclust30_2018_08)71 using HHblits72 to generate the corresponding multiple
sequence alignment (MSA). Performing Direct Coupling Analysis (DCA)64,73 on an MSA of protein homologues, it is
possible to select those coevolved pairs of residues that are not in contact in the native structure (Figure S4, red dots;
Figure S4b, red lines; below), and which might thus be informative of alternative protein conformations.24 DCA outputs
a direct information score per pair of residues73 that have been used as input for an automated protocol whereby coevo-
lution contacts are filtered and introduced as ensemble restraints in coarse-grained discrete molecular dynamics
simulations,24,74,75 which allowed us not only to detect functionally relevant conformations, but also to generate a tra-
jectory connecting them—thus enabling its discretization76 and its use as a reference for path-based simulations.77

Orozco et al. have shown24 that filtering of DCA contacts is not critical when abundant sequences (>10,000) are avail-
able, yielding strong evolutionary signals. However, when fewer homologues are aligned (on the order of a few thou-
sand), conformational transitions could not be modeled without filtering DCA contacts due to noise in the coevolution
map. A few high-quality coevolved pairs are thus necessary to robustly guide protein dynamics, making the detection of
these constraints decisive.

A multiscale MD approach guided by coevolutionary data was used to reconstruct the free-energy landscape of a
fully solvated atomistic model of hAC5 with and without the regulatory Gα subunit bound23; here Gα was either the
stimulatory Gαs, or the inhibitory Gαi. The multiscaling consisted in coevolution-guided coarse-grained (alpha-carbons
level) discrete MD simulations24,74,75 that were used to generate a reference functional conformational transition whose
free-energy landscape was mapped with fully atomistic metadynamics simulations.78–81 We found AC5 populating two
main conformational ensembles, an open and a closed one, with all the existing experimental structures falling just into
the open ensemble (Figure 6). Specifically, the open ensemble included the experimental structures of activated AC5
bound to Gαs together with an ATP analog (P-site inhibitor) and the activator forskolin (PDB ID 1CJK),11 a forskolin
derivative alone (PDB ID 1AZS),12 and a guanosine 50-triphosphate (GTP)-based substrate analog and forskolin (PDB
ID 6R4O) from cryo-EM experiments16,82 of the full-length membrane AC (Figure 6, green circles in the bottom panel).

FIGURE 5 Changes in flexibility induced by the addition of each G protein on pre-formed binary complexes predicted by internal

Normal model analysis using PaLaCe. Left: Changes in flexibility when Gαi is added to the AC5:Gαolf complex on its putative binding site.

Right: Changes in flexibility when Gαolf is added to the Gαi:AC5 complex. In each case, the added protein is highlighted with a red box.

Changes in flexibility are assessed by the difference in RMSF values (ΔRMSF), computed as RMSF in the ternary complex minus RMSF in

the binary complex. RMSF for the AC5:Gαolf complex is reported in Figure S3. For more intense colors (orange for increased flexibility and

cyan for decreased flexibility) correspond to differences with respect to the preceding structure (AC5:Golf and Gαi:AC5, respectively) on a

scale of �2 to +0.4 Å as also shown in the color bar. The addition of Gαi flexibilizes the Gαolf binding site (left).
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Notably, AC5 was observed to shift from one ensemble to the other depending on which G protein it was bound to. In
particular, when Gαs was bound to hAC5, the conformational ensemble of AC shifted to the open conformation that
became approximately 6 kcal/mol more stable than the closed state (Figure 6, blue lines). In remarkable contrast, how-
ever, when hAC5 was simulated bound to the inhibitory Gαi, the open/closed equilibrium shifted toward the closed
conformation of AC that became approximately 8 kcal/mol more stable than the open state (Figure 6, black lines). The
closure of the ATP-binding site is consistent with biochemical data indicating that P-site inhibitors (ATP analogs) bind
with greatly reduced affinity to AC in the presence of Gαi.11 Qualitatively, this general behavior was also observed in
the microsecond-long classical all-atom MD simulations described above.34,36 Overall, these multiscale simulations
complemented structural and biochemical data (commented above), and extended our understanding of the mecha-
nisms of protein-induced allostery in AC5. The model revealed quantitative details on the regulation mechanism and
demonstrated that signal transduction in AC/G protein systems operates through the selective (de)stabilization of the
particular state to which ATP preferentially binds following the classical “Monod-Wyman-Changeux” population-shift
paradigm.83,84 Furthermore, the results provided a general framework for investigating and manipulating complex bio-
molecular regulations.

The procedure outlined above can be used to probe other allosteric regulations in uncharted conformational space
for a wide range of complex systems. Advances in genomic sequencing make the procedure applicable to a large num-
ber23,24 of macromolecules for which functionally relevant transitions can be efficiently modeled and perturbed, with
possible implications in parameter definition for system biology approaches.

8 | BD SIMULATIONS OF AC5

BD simulations were used to compute the bimolecular association rate constants for the binding of the G alpha protein
domains to AC5.1 BD provides a computationally efficient method to simulate the diffusional association of proteins
that has been used to compute the bimolecular diffusional association rate constants of a range of protein–protein
complexes.83–88 While the atomic-detail structures of the proteins are used in the simulations, the number of degrees of
freedom is minimized by using an implicit solvent model and neglecting the internal flexibility of the proteins by rep-
resenting each of them by one or a few predetermined conformations. In this study, the conformations were extracted
from molecular dynamics simulations of the complexes for both apo and holo AC5 (see Section 2).36,37 Thus, for the

FIGURE 6 Modulation of hAC5 functional transition by the binding of stimulatory and inhibitory G proteins. Comparison of the free

energy landscape populated by human AC5 with no regulatory protein bound (red plot), in complex with stimulatory Gαs (blue plot), and in

complex with inhibitory Gαi (black plot); hAC5 alone can populate both closed and open states, the binding of Gαs stabilizes an open state,

while the binding of Gαi favors the closed conformation of hAC5. The upper panel shows the overall depth of the free-energy profiles. In the

bottom panel, contours are drawn at 1 kcal/mol intervals from 0 to 3 kcal/mol, after alignment of each minimum to zero. Gray transparent

circles with corresponding PDB codes (PDB IDs 6R4O 1CJK, 1AZS) represent the positions of experimentally determined AC structures in

the explored conformational space. Figure readapted from Reference 23.
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computation of rate constants the relative translational and the rotational diffusion of the two rigid-body proteins was
simulated (neglecting hydrodynamic interactions) using the following equations89:

Δr¼DΔt
kbT

FþR, ð3Þ

where Δr is the translational displacement in timestep Δt, which is dependent on the intermolecular force, F, the rela-
tive diffusion coefficient D, and the random displacement R, for which

<R> ¼ 0 and<R2 > ¼ 6DΔt: ð4Þ

An analogous equation is used for the rotational displacement Δ φ of the proteins:

Δφ¼DRotΔt
kbT

ΘþRrot: ð5Þ

Diffusion coefficients at infinite dilution were computed for each of the reaction species from their structures using
HYDROPRO.90,91 For computational efficiency, the forces between the proteins were calculated from precomputed
potentials on grids of points encompassing each of the proteins. The forces were the sum of and nonpolar desolvation
terms92 and electrostatic interaction and electrostatic desolvation terms,93 computed using the ECM effective charges to
approximate the intermolecular forces calculated from numerical solution of the linearized Poisson–Boltzmann equa-
tion.94 A variable timestep was used that depended on the distance between the proteins. The bimolecular diffusional
association rate constant, kon, was computed using the NAM method95 as:

kon ¼ k0 bð Þ β

1� 1�βð Þk0 bð Þ
k0 cð Þ

, ð6Þ

where k0 bð Þ and k0 cð Þ are the rate constants for the association of the two molecules to separations of b and c, respec-
tively, computed analytically using the Smoluchowski equation:

k0 rð Þ¼ 4πDr, ð7Þ

and β, the probability of binding after reaching the separation b, was computed from a large number (50,000 for each
MD snapshot) of BD trajectories generated using the SDA 7 software96 and starting with the proteins a distance b apart
in random orientations and ending when the proteins reached a separation c. The satisfaction of reaction criteria for
encounter complex formation was monitored to compute β.

The BD simulations were used here to provide an efficient prediction of the forward rate constants in the systems
biology network model (Section 9). The computed rate constants were similar for the binding of Gαs and Gαi to AC5
with values of around 107 M�1 s�1. The values were not significantly affected by the binding of the other Gα subunit or
the presence of ATP in the active site of AC5. Clearly, the BD approach neglected the membrane anchoring of the pro-
teins and any postdiffusional contributions to association rates, such as induced fit or conformational gating due to con-
formational changes of the binding groove of AC5 upon binding the Gα subunit. Nevertheless, sensitivity analysis for
the computed parameters showed that the values computed from the BD simulations were consistent with the ability of
AC to perform coincidence detection effectively (see Section 9). Coordinate and input files for performing the BD calcu-
lations are available in the live paper at (https://live-papers.brainsimulation.eu/#2019-bruce-et-al).1

9 | SIGNAL TRANSDUCTION NETWORK INVOLVING THE AC ENZYME

The molecular simulation methods described above are crucial to obtain an integrated view on how different G proteins
regulate AC activity together and thus how cAMP is produced (Figure 7). The acquired results can be incorporated into
kinetic models and simulations of the receptor induced signaling pathways/networks, where cAMP is one important
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molecule, to determine whether and how the characteristics of the AC machinery affect the cAMP-dependent function
of neurons and synapses.

Kinetic models are phenomenological models of a network of chemical reactions, which most often assume spatial
homogeneity of the reactants, that is, macroscopically describe a well-mixed solution of freely diffusing reactants. They
are formulated by translating the chemical reaction network into deterministic ordinary differential equations and then
fitting the equation parameters to available experimental data. These models enable the study of reaction kinetics, that
is, of how the concentration of all the compounds changes during the course of the reaction. A simple example of such
a model is the one for a single reversible bimolecular reaction:

S1þS2 ,mP, ð8Þ

v¼ kf S1½ � S2½ ��kr P½ �m, ð9Þ

dS1
dt

¼ dS2
dt

,
dP
dt

¼mv, ð10Þ

where S1 and S2 are two substrates, m is the number of molecules of the product of the reaction, kf and kr are the rate
constants of the forward and reverse reaction, and v is the reaction rate.97 Kinetic models are based on the law of mass
action, which is the idea that the reaction rate is proportional to the probability of a collision of the reactants, which
itself is proportional to the product of the concentrations of the interacting reactants. The rate constants describe how
often a collision results in a transformation of the reactants, and are dependent on the temperature of the reaction.

Even though the cellular environment around signal transduction networks is highly structured, often involving
precoupled molecular complexes with only some molecular species freely diffusing, kinetic models can nevertheless be
tuned to phenomenologically match experimentally measured concentrations of each molecular species by

FIGURE 7 Scheme showing the catalytic probability of AC5 in the presence of different interaction partners. The catalytic activity is

shown for a fully catalytically active conformation (green), AC5 states with reduced catalytic activity (yellow, orange) and the inactive form

of AC5 (red). In this scheme, the results of all all-atom simulations supported by the NMA and coevolutionary-driven metadynamics studies

are summarized. When AC5 is not associated to adenosine triphosphate (ATP) or to the olfactory Gα subunit, the enzyme's conformation

has a low probability to convert ATP to cAMP and is therefore depicted in orange. However, the active site is not perturbed as in all Gαi
complexed states, which leaves the door open for Gα-subunit and/or ATP association. When ATP binds, AC5 (ATP), the catalytic core is

stabilized by the substrate's presence and increases the probability of ATP conversion, which leads to a more active conformation than AC5

in its isolated form (AC5). However, Gαolf association is required to form a fully functional catalytic pocket in AC5. Independent of the state

or complex AC5 is in, whenever Gαi associates to AC5, the active site is perturbed due to the presence of the inhibitory Gαi subunit, leading
to an AC5 catalytic pocket that is unfavorable for ATP conversion (depicted in red).
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appropriately tuning the rate constants in the model. To study the functional consequences of the results from the MD
and BD simulations (Sections 5 and 8), we built models of the AC signal transduction network where we compared the
regulatory mechanism implied by those results to a null hypothesis. Namely, the results from the MD simulations
suggested that the ternary complex could exist and that it is catalytically inactive,1 and the null hypothesis used for
comparison was one where the ternary complex cannot form or is only present in negligibly low concentration, that is,
only binary complexes of AC5 with the regulatory G proteins occur.

A schematic of the signal transduction network in striatal projection neurons of the direct pathway (dSPNs) is given
in Figure 8. It involves AC5. This network is the gate for synaptic potentiation, that is, significant amounts of cAMP
need to be produced in order to enable the strengthening of corticostriatal synapses on dSPNs. Indeed, AC5 on its own
has a low catalytic rate that produces a basal level of cAMP, not enough to allow synaptic potentiation.

The network starts with two GPCRs, one of which is a receptor for the neurotransmitter dopamine (Da) and the
other for acetylcholine (ACh). Da allows for dopamine to bind the Da receptor and activate the Gαolf protein, which in
turn can stimulate AC5, while Ach activates Gαi and hence inhibits AC5.

Both neurotransmitters have baseline tonic levels in the striatum. Da may not bind the Da receptor much at its
baseline concentration, while ACh may do so for its target receptor.98,99 Hence, in the basal state of the signaling cas-
cade the ACh/Gαi branch is active, that is, with an active Gαi protein bound to AC5 and thus inhibiting it. The relevant
transient neuromodulatory signals for this cascade are an elevation of dopamine (Da ", signaling a rewarding environ-
mental stimulus for the organism) and a pause, or decrease of acetylcholine (ACh #). Da " stimulates AC5, while ACh
# allows for freeing the ACh receptor of its ligand and thus stopping the activation of Gαi and the inhibition of AC5.
The ability of the AC5 enzyme to perform coincidence detection of the two signals Da " and ACh # can be quantified in
terms of the amount of cAMP produced when the two transient signals occur almost simultaneously at the cell-surface
receptors.

Comparison of the regulatory mechanism with a ternary complex to the null hypothesis revealed that this regula-
tory mechanism indeed confers the ability for coincidence detection since a cAMP response is produced only when both
signals occur. This is a consequence of the catalytic inactivity of the ternary complex as predicted by the atomistic simu-
lation studies. Both an ACh # for relieving the inhibition of the AC5 enzyme and a Da " for significantly activating it

FIGURE 8 (a) Schematic of the AC5 signal transduction network in the direct pathway striatal projection neurons (dSPN). (b) Null

hypothesis for the regulatory mechanism - only binary complexes can be formed between AC5 and the G proteins. (c) Regulatory

mechanism where the ternary complex can form. The amount of cAMP predicted by each model is shown in (b) and (c). Illustration adapted

from Bruce et al.1

van KEULEN ET AL. 13 of 20

 17590884, 0, D
ow

nloaded from
 https://w

ires.onlinelibrary.w
iley.com

/doi/10.1002/w
cm

s.1623 by C
ochrane France, W

iley O
nline L

ibrary on [10/11/2022]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



must occur in order to produce high levels of cAMP. The null hypothesis mechanism without a ternary complex can
produce comparably high levels of cAMP for both Da " alone and Da " + ACh #, not discriminating between these two
situations. Additional simulations revealed that hindering Gαolf binding by the allosteric effects of Gαi binding (see Sec-
tions 5 and 6) to AC5 still allows for coincidence detection.1 Additionally, the rate constants predicted by the BD simu-
lations (see Section 8) fall in a parameter range that enables coincidence detection.

These results reveal a crucial requirement for synaptic potentiation in dSPNs, which is the coincidence of both a Da
" and an ACh #, and may inform on the nature of the environmental stimuli that are able to elicit potentiation and trig-
ger learning. A Da " is often associated with a rewarding stimulus, whereas the ACh # has not been associated with any
stimulus quality yet but occurs following salient stimuli.

Lastly, it should be mentioned that deterministic kinetic models often do not capture experimentally observed het-
erogeneity in cellular responses, and it has been shown that in these cases stochastic models are a more satisfactory
description, since stochastic effects are often the source of the heterogeneity.100 However, due to the highly structured
synaptic environment with many molecules prebound in multimolecular complexes, it may be that in many cases an
appropriate description of the molecular machinery is as logic circuits.

10 | ISOFORMS OTHER THAN AC5

AC5 is one of nine transmembrane AC isoforms. To consider whether the findings described above, which are specific
for AC5 except for the QM/MM simulations, may also apply to other AC isoforms, we analyzed the sequences, struc-
tures, and electrostatic potentials of the AC isoforms. To identify the structural features influencing binding specificity
and the binding sites for regulators on AC, we performed a comparative electrostatic analysis for the catalytic domains
of mouse ACs 1–918 (for sequence alignment (see SI1 in Reference 18). Comparative modeling techniques were first
used to model the complete structures of all the AC enzyme catalytic domains, including loops not present in the tem-
plate crystal structure (PDB ID 1AZS).12 These structures were superimposed and their electrostatic potentials
computed by solving the linearized Poisson–Boltzmann equation with APBS (Adaptive Poisson–Boltzmann Solver).101

FIGURE 9 Identification of regions of conserved electrostatic potentials in Gαi-inhibited Adenylyl cyclases (AC) isoforms 1, 5, and 6 at

the pseudo-symmetric groove (boxed). (a) AC viewed from the catalytic and membrane faces, (b) electrostatic potential of AC5 computed by

solution of the linearized Poisson-Boltzmann equation and displayed as isopotential surfaces contoured at 1 kT/e (blue) and �1 kT/e (red),

(c) compactness score, CS, mapped onto the surface of AC5.18 CS is based on a silhouette coefficient that evaluates the compactness and

degree of separation between clusters formed by grouping AC isoforms according to their electrostatic potential distributions in spheres of

radius 10 angstroms centered on each solvent accessible Calpha atom of AC5. A score of �1 indicates bad clustering and a score of 1 denotes

dense clusters. The region with high CS score at the pseudo-symmetric groove corresponds to a negatively charged patch in AC1, 5 and

6 that is not found in the other AC isoforms, supporting the binding of Gi at this position (adapted and reproduced with permission from

Tong et al.18).
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The PIPSA (Protein Interaction Property Similarity Analysis) method102,103 was then employed to scan over the protein
surface and compare the global and local electrostatic potential distributions across the isoforms by computing pairwise
similarity indices. The PIPSA results supported the binding of Gαi at the pseudo-symmetric position with respect to the
known Gαs binding site for AC isoforms 1, 5, and 6, which have a region of conserved negative potential at this posi-
tion, indicating that the results described above for AC5 and its network might be similar for AC1 and AC6 (Figure 9).
Other insights into the protein binding specificity of AC groups from the PIPSA analysis included the interaction of
ACs 2, 4, and 7 with Gβγ, the prediction of the binding site of RGS2, as well as of isoform-specific features of the small
molecule binding sites on AC that could be exploited in the design of isoform-specific compounds.

11 | CONCLUSIONS

A wide range of molecular simulation methods was used to investigate AC structure, dynamics, function and binding
to its cognate proteins Gαs/Gαolf and Gαi, with a focus on the AC5 isoform (Box 1). Quantum mechanical modeling pro-
vided a description of the free energy landscape associated with the AC enzymatic reaction as well as the catalytic rate.
All-atom molecular dynamics simulations aided in explaining the mechanisms of allosteric regulation of AC5 by acti-
vating and inhibitory G proteins, the impact of ATP and the possible coupling between substrate binding and regulatory
protein binding. Moreover, the classical MD results suggested that a ternary Gαs-AC5-Gαi complex can form but is cata-
lytically inactive. NMA in internal coordinates were used to understand the global conformational changes of the
AC5/Gα protein complexes. Metadynamics simulations along with coevolution analysis allowed us to suggest that the
binding of Gα-proteins to AC5 modulates its function via conformational selection mechanisms. BD simulations were
used to estimate the rate constants for association of AC5 with activating and inhibitory Gα proteins. The regulatory
mechanism in which a catalytically inactive ternary complex can form was incorporated, together with the predicted
rate constants for diffusional association, in a kinetic model of a signaling network important for brain plasticity and
learning. The results showed that, with this regulatory mechanism, AC5 acts as a coincidence detector for transient

BOX 1 Section Highlights

3.1. QM/MM simulations were used to reveal relative changes in kcat due to point mutations. Through the inte-
grated approach outlined in this review, it may be possible to study how these changes are propagated at the
system level.

3.2. According to classical MD simulations, ATP and regulatory G proteins impact flexibility and conforma-
tion of AC, providing structural basis for enzymatic regulation. A ternary complex consisting of AC5 simulta-
neously associated with active Gαolf and active myristoylated Gαi in its soluble form (not interacting with the
membrane) may be formed in the absence or presence of ATP but is inactive.

3.3. NMA in internal coordinates, using simplified representations of the protein structures in the PaLaCe
model, was used to investigate the effect of regulatory proteins on AC5 conformational flexibility.

3.4. A multiscale MD approach guided by coevolutionary data was used to reconstruct the free-energy land-
scape of a fully solvated atomistic model of AC5 with and without the regulatory Gα subunit bound; here Gα
was either the stimulatory Gαs, or the inhibitory Gαi

3.5. BD simulations were used to provide an efficient prediction of the forward rate constants in the systems
biology network model.

4.0. These results reveal a crucial requirement for synaptic potentiation in dSPNs, which is the coincidence
of both a Da " and an ACh #, and may inform on the nature of the environmental stimuli that are able to elicit
potentiation and trigger learning. A Da " is often associated with a rewarding stimulus, whereas the ACh # has
been associated with salient stimuli but not necessarily with the quality of such an event.

5.0. The PIPSA results supported the binding of Gαi at the pseudo-symmetric position with respect to the
known Gαs binding site for AC isoforms 1, 5, and 6, which have a region of conserved negative potential at this
position, indicating that the results described above for AC5 and its network might be similar for AC1
and AC6.
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neurotransmitter signals, and suggested the kind of neurotransmitter signals required to trigger synaptic potentiation.
Scale-bridging combinations of molecular modeling and simulation tools have been applied to other biochemical
networks,104 and the combination of methods applied to AC5 could readily be transferred to the study of protein com-
plexes105 as well as to other enzymes and their biochemical and signaling networks. The collaboration within the HBP
consortium pointed to the advantage of using diverse and complementary methods—at different scales and
resolutions—on the same system (the AC5 enzyme) to understand salient aspects of its function and regulation. It also
shows the importance of sharing preliminary data among the partners and the synergy that can be achieved thereby.
The effort has provided a basis for developing the molecular and subcellular simulation software infrastructure for the
EBRAINS (https://ebrains.eu/) and FENIX (https://fenix-ri.eu/) services for multiscale brain simulation.

Taking these results together, we have shown that applying different molecular simulation techniques to a single
enzyme (AC5) and its regulators provides a complementary and consistent picture of the enzyme's function (difficult or
impossible to obtain by experiment), along with providing insight on its role in a specific neuronal cascade. The calcula-
tions also pointed out similarities between AC5 and some members of the AC family as regards regulatory interactions.
We close by noticing that the simulation tools used here are fast improving. Particularly important is the arrival of
exascale computers in the US, China, Japan and the EU, which will allow for unprecedented performance of many
highly scalable codes, including MD and QM/MM. Also, the revolution in structural biology caused by advances in AI
protein structure prediction, such as Alpha-fold, is paving the way toward the investigation of virtually any signaling
cascade, by providing the structures of all human proteins involved in them. As a result, we expect that investigations
like that presented here (which required several years) may be carried out much more efficiently (in terms of data and
of codes) in the not-too-distant future.
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ENDNOTES
1 Other protein regulators include the regulator of G protein signaling protein 2 (RGS2),6 Ca2+/calmodulin-dependent
protein kinase II (CaMKII), the protein kinases A and C (PKA and PKC) and calmodulin.7

2 The cryo-EM structure of full-length AC9 enzyme, structurally different from the all the other transmembrane mem-
bers of the AC family, bound to Gαolf appeared after most of the presented research on AC5 was carried out.16 It con-
firmed the architecture of the catalytic domain of AC and the binding mode of Gαs observed in the absence of the
transmembrane domain (See Section S1 in Appedix S1 for details).

3 Predicting the structure of the ATP-bound state is currently not feasible as small molecule ligands cannot yet be
included in this method.

4 Indeed, iNMA can be successfully applied to homology models and it is insensitive to modeling errors (65). In particu-
lar, we studied the ability of iNMA to describe protein motions and flexibility in protein models taken from the CASP
assessment, comparing them with their native structure.63 NMA turned out not to be much affected by modeling
errors, and it is accurate on protein models when the Cα atoms' RMSD to the native structure is lower than 2–3 Å.
This is the case for most homology models with target/template sequence identity higher than 60%.63
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