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A B S T R A C T

Mutations in the IQSEC2 gene result in severe intellectual disability, epilepsy and autism. The primary function 
of IQSEC2 is to serve as a guanine exchange factor (GEF) controlling the activation of ARF6 which in turn 
mediates membrane trafficking and synaptic connections between neurons. As IQSEC2 is a large intrinsically 
disordered protein little is known of the structure of the protein and how this influences its function. Under-
standing this structure and function relationship is critical for the development of novel therapies to treat IQSEC2 
disease. We therefore sought to identify IQSEC2 conformers in unfolded and folded states and analyze how 
conformers differ when binding to ARF6 and thereby influence GEF catalysis. We simulated the folding process of 
IQSEC2 by accelerated molecular dynamics (aMD). Following the ensemble method of Gibbs, we proposed that 
the number of microstates in the ensemble replicating a protein macroscopic system is the total number of MD 
snapshots sampled on the production MD trajectory. We divided the entire range of reaction coordinate into a 
series of consecutive, non-overlapping bins. Thermal fluctuations of biomolecules in local equilibrium states are 
Gaussian in form. To predict the free energy and entropy of different conformational states using statistical 
thermodynamics, the density of states was estimated taking into account how many MD snapshots constitute 
each conformational state. IQSEC2 dimers derived from the most stable folded and unfolded conformers of 
IQSEC2 were generated by protein-protein docking and then used to construct IQSEC2-ARF6 encounter com-
plexes. We suggest that IQSEC2 folding and dimerization are two competing processes that may be used by 
nature to regulate the process of GDP exchange on ARF6 catalyzed by IQSEC2.

1. Introduction

IQSEC2 is a guanine nucleotide exchange factor (GEF) promoting the 
exchange of GDP for GTP on ARF6 leading to its activation (Levy et al., 
2023). ARF6 plays a major role in regulating the trafficking of glutamate 
receptors on neurons and in the growth of dendritic spines playing a key 
role in the consolidation of memories. Mutations in IQSEC2 result in 
severe intellectual disability, drug resistant seizures and autism. Our 
laboratory has been focusing on treating IQSEC2 disease using gene 
therapy with the adeno-associated viral (AAV) platform as this platform 
is currently the only FDA approved means for treating single gene dis-
orders (Ling et al., 2023). However, due to the maximum size constraints 
of the genetic cargo which can be carried by AAV (4.2 kb for the open 
reading frame for the gene of interest) it is necessary to reduce the size of 

the 1488 amino acid sequence of IQSEC2 by at least 150 amino acids 
(Wu et al., 2010). In order to engineer the IQSEC2 protein to create a 
functional mini IQSEC2 protein it is necessary to understand the folding 
of IQSEC2 and how this folding affects its function and whether specific 
deletions in IQSEC2 allow retention of the structure and function of 
IQSEC2. IQSEC2 is an intrinsically disordered protein (IDP) (Shokhen 
et al., 2023). The folding and structure of IQSEC2 is poorly understood. 
There is no X ray crystallographic structure for the IQSEC2 molecule. 
The most popular and widely used method to model protein structure 
AlphaFold (Jumper et al., 2021) failed to generate a 3D structure of 
IQSEC2 consistent with the biology in experimental analysis (Shokhen 
et al., 2023) in line with the previously described failure of AlphaFold to 
predict the 3D structure of IDPs (Azzaz et al., 2022; Ruff and Pappu, 
2021). IDPs exist as ensembles of conformers without a well-defined 
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equilibrium structure and play diverse roles in cell signaling (Bondos 
et al., 2022; Tesei et al., 2024). The folding energy landscapes of ordered 
globular proteins is considered a rugged funnel-shaped pathway leading 
to one global potential minimum in the funnel bottom (Socci et al., 
1998). On the other hand, the folding energy landscape of IDPs is 
shallower than in the case of ordered globular proteins with multiple 
minima corresponding to different low-energy conformational states 
(Uversky, 2017; Strodel, 2021). The dominating paradigm in the liter-
ature proposes that folding of IDPs occurs upon binding to another 
protein. Hence, contacts with this IDP binding partner are the major 
driving force for folding (Strodel, 2021; Habchi et al., 2014; Toto et al., 
2020; Malagrinò et al., 2022). Two variants of how IDP folding occurs 
have been identified by NMR relaxation dispersion experiments: (1) 
“induced fit” – folding after association with the target protein, and (2) 
“conformational selection” - binding with the target protein in a 
pre-folded state (Araia et al., 2015).

Conformational heterogeneity of IDPs or intrinsically disordered 
regions (IDR) of proteins makes it virtually impossible to identify their 
full 3D structures in X-ray crystallography (Piovesan et al., 2022). 
Combining AMBER20 conventional molecular dynamics (Case et al., 
2022), the deep convolutional residual neural networks (ResNet) 
method for predicting protein 3D structure implemented in the RaptorX 
server (Xu et al., 2021), and molecular modeling by YASARA Structure 
software (Kreiger et al., 2015; Kreiger et al., 2014), we have recently 
reported on the structure of IQSEC2 in an extended conformation. This 
study allowed us to analyze and explain how mutations in the IQ region 
of IQSEC2 mediate ARF6 dysregulation (Shokhen et al., 2023). How-
ever, a major limitation of deep learning algorithms such as RaptorX is 
that they only provide a static structure prediction in contradiction to 
the nature of IDPs which exist as an ensemble of conformers. In order to 
overcome this limitation a variety of enhanced sampling all-atom mo-
lecular dynamics algorithms (Bernardi et al., 2015; Spiwok et al., 2015; 
Chipot, 2023; Ray and Parrinello, 2023) have been proposed for the 
energy landscape analysis (Chipot, 2023), conformational search and 
protein folding simulations of IDPs (Kasahara et al., 2019; Saikia and 
Baruah, 2024; Shrestha et al., 2019; Willea et al., 2019; Shrestha et al., 
2021; Chávez-García et al., 2022; Gurumoorthy et al., 2023; Zhu et al., 
2023).

In the present study we have simulated the folding process of IQSEC2 
by accelerated molecular dynamics (aMD) allowing us to identify mul-
tiple conformers of IQSEC2 and to determine how these conformers 
differ in their ability to interact with ARF6 and thereby influence GEF 
catalysis on ARF6. The aMD algorithm adds a non-negative ΔV boost 
potential to the system potential V(r) when it is below the reference 
energy E and thus reduces the time of simulating biomolecular confor-
mational transitions through reduced energy barriers by orders of 
magnitude compared to classical MD (Hamelberg et al., 2004, 2007; 
Pierce et al., 2012; Miao et al., 2014, 2015). aMD and its algorithm 
enhancements are widely used for biomolecule conformational sam-
pling (Mandal et al., 2023; Glaser et al., 2021), protein folding and 
unfolding (Zhou et al., 2019; Tyagi et al., 2019; Ermakova et al., 2022) 
protein-ligand and protein-protein binding (Smith and Carlson, 2021; 
Zhao et al., 2023; Bhattarai et al., 2021; Martí et al., 2022), analysis and 
calculation of the free energy landscapes, and potentials of mean force 
(PMF) of all these processes (Gedeon et al., 2015; Wang et al., 2021; 
Pawnikar et al., 2022). aMD does not require any predefined reaction 
coordinate (Miao et al., 2015). In the post-processing analysis we used 
the ensemble method of Gibbs (Hill, 1986) in combination with 
Gaussian peaks deconvolution in Origin(Pro) software (Origin (Pro); 
https:www.originlab.com) in order to identify snapshot population 
values of every conformational state (macrostate) of IQSEC2 in the 
folding process without the need of prior knowledge of V(r) for every 
snapshot. We then used statistical thermodynamics to calculate the free 
energy landscape and potential of mean force of the folding process 
allowing us to identify the different conformers of IQSEC2 and how 
these conformers differ in their interaction with ARF6 and thereby 

influence GEF catalysis. Finally, we show in agreement with prior 
experimental data (Myers et al., 2012) a key role for IQSEC2 dimer-
ization as a driving force for its GEF catalysis for ARF6.

2. Methods

2.1. Folding of IQSEC2 by aMD simulations

We used accelerated molecular dynamics (aMD) implemented in 
AMBER20 software (Case et al., 2022) to simulate folding of an IQSEC2 
fragment containing amino acid residues 1–1094 of an extended 
conformation previously generated by molecular modeling (Shokhen 
et al., 2023). The C-end Glu1094 was capped with an NMe (NHCH3 
amide C-terminal protein capping) group which is customarily done in 
MD stimulations of proteins. The simulations were conducted using the 
ff14SB forcefield (Maier et al., 2015) in a rectangular periodic simula-
tion box (140.537 Å, 161.795 Å, 166.377 Å) with explicit 116110 water 
molecules in a TIP3P model. The system was neutralized by addition of 
316 Na+ and 309 Cl-ions in physiological concentration. The total 
number of atoms in the simulation cell was 365846. After preparing the 
input topology and structural files, the following steps were done before 
performing the production molecular dynamic simulations: (1) mini-
mizing only the water, restraining the protein (20000 cycles); (2) short 
simulation to let water move (NPT, 310K), restraining the protein; (3) 
total minimization of water and protein (20000 cycles); (4) molecular 
dynamics of 1.4 ns to heat the system, restraining the protein (NVT, from 
0 to 310K); (5) relaxing the system, restraining the protein heavy atoms 
(NPT, 310K, 1 ns); and (6) relaxing the system (NPT, 310K, 5 ns). In the 
equilibration stage, a temperature of 310 K and stable density were 
reached. For the actual simulations evaluating the complex interactions 
at the final (7) production stage, molecular dynamics simulations were 
performed at 310 K with a Langevin thermostat and NPT ensemble, 
using a pressure of 1 atm and a SHAKE constraint of 2 fs. An 8 Å cutoff 
radius was used for range-limited interactions, with Particle Mesh Ewald 
electrostatics for long-range interactions (Darden et al., 1993). The 
minimum distance from the protein atoms to the wall of the solvent box 
was determined to be 12 Å. The production molecular dynamics simu-
lation was a set of sequential 100 ns steps. Every step was restarted from 
the previous one, applying a random seeds generator. The total pro-
duction time was 4 μs. The system reached convergence in the last 800 
ns, as estimated by the RMSD of the Cα atoms, Fig. S1. The snapshots 
were saved every 10 ps. An average dihedral energy and total potential 
energy were accepted from 5 ns of cMD equilibration stage (step 6) and 
used as a boost reference for the subsequent aMD production simulation. 
The aMD dual-boosting modification of the potential (Hamelberg et al., 
2007) was defined by the following equations: 

V(r)*=V(r) + ΔV(r) (1) 

ΔV(r)=
(
Ep − V(r)

)2 / ( αP+ Ep – V(r)
)
+
(
Ed − Vd(r))2 / ( αD+Ed – Vd(r)

)

(2) 

where V(r) is the normal potential and Vd(r) is the normal torsional 
potential. Ep and Ed are average potential and dihedral energies that 
serve as a reference energy. The terms αP and αD are factors that 
determine inversely the strength with which the boost is applied. The 
algorithm incorporating Ep, Ed, αP and αD was acquired from Pierce et al. 
(2012). A feature of aMD is that the shape of the modified potential 
conserves the underlying shape of the V(r) real one, such that minima 
are maintained as minima and barriers are preserved as barriers 
(Hamelberg et al., 2004). Thus, adding the aMD potential simply mod-
ifies the relationship between energy differences, so the distribution of 
sampling of different structures is still related to the original potential 
distribution.
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2.2. Reaction coordinate definition

The folding of big proteins is the result of large-scale motions of 
protein tertiary-structure domains. Such conformational changes take 
place on the nanosecond-microsecond time scale (Haran and Mazal, 
2020). At the microscopic level, folding of a large protein is a rare event 
that occurs in a process dominated by the slowest degrees of freedom 
(Chipot, 2023; Chen and Chipot, 2022). For this reason the orbit in 
configuration space of the process of protein folding is projected on a 
one dimensional reaction coordinate corresponding to the slowest de-
gree of freedom which is the largest conformational movement of pro-
tein domains in the process.

We study in this work the folding process of IDP protein IQSEC2 by 
aMD simulations. The structure generated by molecular modeling of 
amino acid residues 1–1094 of IQSEC2 has an extended conformation 
(Shokhen et al., 2023). aMD does not require any predefined reaction 
coordinate unlike other biased free energy calculation methods (Miao 
et al., 2015). Thus, aMD can be used for exploring the conformational 
space of biomolecules without a prior knowledge or restraints for cal-
culations of the free energy landscape in post-simulation analysis (Miao 
et al., 2015). . The intrinsically disordered regions (IDR) limit the rate of 
the folding process, and of course the largest Ca-Ca distance identified 
between the initial extended and final folded states on the production 
MD trajectory is the optimal variant for conformational space sampling 
in post processing analysis. Specifically, the reaction coordinate for 
IQSEC2 folding was defined as the maximum distance in all pairs of Cα 
atoms between two conformations – the initial extended and final folded 
state: 

Rc =max
[
Dext(Cαk − Cαl) – Dfold(Cαk − Cαl)

]
(3) 

As a result, the Rc was identified as a distance between the Cα atoms 
of Gly167 and Pro410 of IQSEC2.

2.3. The ensemble method of Gibbs

We present here an approach based on the statistical thermody-
namics ensemble method of Gibbs. Ensemble refers to the collection of 
all possible microstates induced by thermal conformational fluctuations 
of the target macrosystem (Hill, 1986; Cooper, 1984). The microstates of 
the ensemble are distributed uniformly (Hill, 1986). It is well established 
that any protein system in thermal equilibrium with the environment 
fluctuates between conformational states (Cooper, 1984; Wei et al., 
2016). The overall set of such states is characterized as the conforma-
tional landscape of the protein system. Based on the ensemble paradigm 
of statistical thermodynamics, the conformational landscape may be 
considered as an ensemble.

2.4. Histogram analysis of sampled MD snapshots

In aMD simulations of biomolecular systems the probability distri-
butions of each snapshot (microstate) along a selected reaction coordi-
nate Rc is calculated by Boltzmann’s law p*(r) = e− β(V(r) + ΔV(r)). V(r) 
is the original potential, ΔV(r) is the boost potential, and r denotes the 
atomic coordinates. In post-processing analysis p*(A) can be reweighted 
to recover the canonical ensemble distribution, p(A) (Miao et al., 2015). 
In this study we do not use a reweighting procedure. To calculate p(r) we 
used a feature of aMD for which the shape of the modified potential in 
aMD conserves the underlying shape of the actual V(r), such that 
minima are maintained as minima and barriers are preserved as barriers 
(Hamelberg et al., 2004). Thus, the probability distribution of snapshots 
is still related to the original potential distribution (Hamelberg et al., 
2004; Miao et al., 2015). We accepted an approximation that the 
number of microstates in the ensemble replicating a protein macroscopic 
system is the total number of MD snapshots sampled on the production 
MD trajectory. In the language of probability theory (Feller, 2018), the 

sampled MD simulated snapshots may be considered as points of discrete 
sample space of size Ω of mutually exclusive independent random 
events. As follows from the second postulate of statistical thermody-
namics, all Ω snapshots (microstates) have equal distribution probability 
(Hill, 1986): 

q=1/Ω (4) 

Suppose that a thermodynamically equilibrated molecular system 
exists in dynamic equilibrium between K stationary conformational 
macrostates i. The probability pi of every i-th conformational state 
occurrence may be estimated as a summarized probability of Li snap-
shots composing this i-th state, where q is defined by eq (4): 

pi = qLi (5) 

Obviously: 

∑K

i
Li =Ω (6) 

∑K

i
pi =1 (7) 

We have applied a histogram technique to divide the entire range of 
the Rc variable into a series of consecutive, non-overlapping bins of 0.1 Å 
length for the collected snapshots. The Rc decreases from 124 Å in the 
stretched state to 26 Å in the folded state. The total number of bins is 
981, which corresponds to M = 400000 collected snapshots. The method 
counts how many snapshots fall into each bin at the corresponding po-
sition on the Rc reaction coordinate. The MD snapshot distribution 
values, normalized by M number, give the values of the probability 
distribution pk of every k-th bin, as follows from eqs (5)–(7). A graph of 
the snapshot distribution function F(Rc) is presented in Fig. 1A.

2.5. Conformational analysis

Biomolecules in thermal contact with the environment exist, at the 
molecular level, as fluctuating dynamic systems (Cooper, 1984; Wei 
et al., 2016). The system fluctuates around each local minimum with 
amplitude values inverse to the depth of the potential well. In other 
words, the deeper the local minimum, the more time the system spends 
in this state and, therefore, the closer it is to local thermodynamic 
equilibrium in this macroscopic (conformational) state. All physical 
quantities describing the system in equilibrium fluctuate about their 
mean values (Hill, 1986; Cooper et al., 1984; Landau and Lifshitz, 1980). 
These fluctuations are small and are Gaussian in form (Hill, 1986; 
Landau and Lifshitz, 1980). Therefore, fluctuations of a quantity x 
characterizing the system (Rc in our case) of the i-th conformational state 
in thermodynamic equilibrium may be estimated by the standard devi-
ation (STD) σ from its mean value μ: (Hill, 1986; Landau and Lifshitz, 
1980). 

σ =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(x − μ)2

Li − 1

√

(8) 

Where Li is the number of snapshots composing the i-th conformational 
state. Indeed, a snapshots distribution plot in Fig. 1A demonstrates that 
the peaks corresponding to the most stable conformational states have a 
well-defined Gaussian shape. Most peaks in Fig. 1A are overlapping, so 
we performed a Gaussian peaks deconvolution using the method 
implemented in the Origin (Pro) software (Origin (Pro) https:www.ori-
ginlab.com). Starting from Rc > 91 Å, the snapshot population was too 
small, so a joint peaks deconvolution analysis in the total area of Rc 
variation was not possible on the scale used. Thus, we divided the region 
of Rc variation into two intervals [26 Å ≤ Rc ≤ 91 Å] and [91 Å ≤ Rc ≤

124 Å]. The results of the peak deconvolution analysis, which identified 
7 folded state (FS) peaks (FS1, …,FS7) in the first Rc interval and 4 
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unfolded state (US) peaks (US1, …,US4) in the second Rc interval, are 
plotted in Fig. 1B and C. The corresponding Origin (Pro) statistical 
analysis is presented in Tables S1 and S2. The correlation coefficients R2 

when approximating snapshot distributions with Gaussian peaks are 
equal to 0.993 and 0.657 at Rc intervals with high and low snapshot 
populations, respectively. The latter option is well illustrated by the plot 
in Fig. 1C with a high amplitude of fluctuations in the distribution of 
snapshots of sparsely populated shallow minima. We adopted a Gaussian 
approximation for the analysis of the distribution of MD snapshots at 
each identified peak over the entire range of Rc variations. The peak 
boundaries on Rc were estimated by the standard deviations (STD) σ 
from its mean value μ, eq (8), as presented in Tables S3 and S4. Gaussian 
peaks occupied 11 fragments on Rc, determined by the corresponding 
pairs of parameters (μ, σ). There were also 12 interval states (IS1,..,IS12) 
- 10 between the Gaussian peaks on Rc and 2 areas on the left and right 
boundaries. First, we determined a pair of parameters (μ, σ) for every 12 

intervals based on their snapshot populations and boundaries in Rc, and 
then we carried out their statistical analysis as presented in Table S5.

2.6. Conformational free energies from first principles

To predict the free energy and entropy of different conformational 
states by statistical thermodynamics, it is necessary to estimate the 
density of states and count how many MD snapshots (ensemble micro-
states) Li composes each i-th conformational state (macrostate). We 
considered that the system was in an equilibrated stationary confor-
mational state for every local minimum. The probability pi of indepen-
dent mutually exclusive events i is defined by eq (9) (Feller, 2018): 

pi = Li∕
∑

i
Li (9) 

It should be noted that values for Li only take into account MD 
snapshots occupying the interval (μ-σ, μ+σ) on Rc for each macrostate 
(conformational state) as determined in the statistical analysis in the 
previous section, Tables S3–S5. Accordingly, with population values Li 
and the corresponding probability occurrences of conformational states 
in hand, it was possible to predict their relative energetic stability by 
means of statistical thermodynamics. Since kinetic experiments in 
enzymology are usually performed at normal atmospheric pressure, we 
conducted the MD simulations in frames of (N, P, T) ensemble at con-
stant pressure P = 1 bar = 100 kJ/M3, T = 310K, and N total number of 
atoms in the system. Hence, we used a Gibbs free energy Gi for estima-
tion of a i-th conformational state stability: 

Gi = Ei + PVi – TSi (10) 

Where Ei is the internal energy of a thermodynamic system (the sum of 
kinetic and potential energies), P, Vi, T, and Si are pressure, volume, 
temperature, and entropy of the system, respectively. P and T are con-
stant parameters in the (N,P,T) ensemble. We used basic formulas of 
statistical thermodynamics for the definitions of S and E adopted for this 
study. The probabilities pi of macrostates defined in eq (9) may be 
equivalently expressed as the Boltzmann distribution law: 

pi = e− Ei/RT/Q (11) 

Q=
∑

i
e− Ei/RT (12) 

Where T is the absolute temperature, and Q is the conformational 
partition function. The entropy Si of an i-th conformational state was 
defined by eq (13): 

Si = − R pi Ln pi (13) 

where R is the Gas constant. Note that our calculations of thermody-
namic functions in this work were conducted in molar units, so in eqs 
(11)–(13) the Boltzmann constant k was substituted for the Gas constant 
R. The internal energy Ei of a conformational state i according to eq (11)
is defined by eq (14): 

Ei = − RT Ln pi − RT LnQ (14) 

Experiment can give only the difference of ΔEij or ΔSij values be-
tween two conformational states i and j, but not absolute values (Hill, 
1986), so we estimated the stability of a stationary conformational state i 
as the ΔGi0 difference calculated relative to the most stable state 0: 

ΔGi0 =ΔEi0 + PΔVi0 − TΔSi0 (15) 

where P, T are constants of the (N, P, T) ensemble. The RT LnQ is 
eliminated in the calculation of ΔEi0 in eq (15) since Q is constant ac-
cording to eqs (9) and (11).

We calculated the values of the protein system volume enclosed in 
the solvent accessible surface (SAS) for all 11 Gaussian and 12 interval 
states in their mean 3D structures identified in previous statistical 

Fig. 1. MD snapshot distribution as a function of the IQSEC2 folding along 
the Rc reaction coordinate. A. Graph of histogram analysis of aMD simula-
tions of the folding of IQSEC2. B, C. Gaussian peaks deconvolution.
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analyses. All pi-s of macrostates were calculated by eq (9). The most 
stable local equilibrium state is in the conformer corresponding to the 
FS3 Gaussian peak with μ = 47.0 Å on Rc, so all relative free energy 
values were calculated using FS3 as the zero level, where ΔGi0 = Gi -G0. 
The detailed calculations of the thermodynamic functions by eq 
(9),13–15 are presented in the Thermodynamics.xlsx file in SI.

2.7. Computational assessment of how IQSEC2 forms dimers and how 
IQSEC2 interacts with ARF6

IQSEC2 dimers derived from the most stable folded (FS3) and 
unfolded (US4) conformers of IQSEC2 were generated by the docking 
server ClusPro, which implements rigid body methods and fast Fourier 
transform (FFT) algorithms allowing for the sampling of billions of 
complex conformations (Kozakov et al., 2017). The N-terminal amino 
acid residues 1–67 of IQSEC2 were used as attraction parameters in the 
protein-protein docking for the formation of these dimers as these res-
idues have a canonical coiled-coil domain sequence which has previ-
ously been shown to mediate the dimerization of many proteins 
(Burkhard et al., 2001) and have been proposed to mediate the dimer-
ization of IQSEC2 (Myers et al., 2012). We previously reported on the 
molecular modeling of the ARF6-Sec7-PH complex and equilibrated it in 
aMD simulations (Shokhen et al., 2023). In this study using YASARA 
Structure software, we aligned Sec7-PH domains of the ARF6-Sec7-PH 
complex with IQSEC2 (residues 1–1094 residues) for the folded FS3 
and unfolded US4 IQSEC2 conformers. After deleting Sec7-PH fragment 
(amino acids 749–1094) of the ARF6-Sec7-PH complex the geometry of 
the IQSEC2 dimers and IQSEC2 ARF6 complexes was optimized by 
YASARA Structure software using the ff14SB forcefield in a periodic 
simulation cell filled with explicit water molecules and Na+ and Cl-ions 
in physiological concentrations. The ΔG free energies of binding at 37 ◦C 
of the IQSEC2 dimers and IQSEC2-ARF6 encounter complexes were 
estimated by the PRODIGY web server an online tool for the prediction 
of binding affinity in protein–protein complexes (Xue et al., 2016; 
Vangone and Bonvin, 2015).

3. Results

3.1. Use of potential of mean force analysis to describe the folding of 
IQSEC2

As described in methods we first sought to determine how IQSEC2 
folds. The calculated ΔGi0 values for the folding of IQSEC2 are presented 
in Fig. 2 as a graph of ΔGij(Rc) Potential of Mean Force (PMF). Table 1
summarizes the details characterizing the PMF graph with a detailed 
thermodynamics analysis presented in the Thermodynamics.xlsx file in 
SI. There are 7 minima in the folded state (FS) and 2 in the unfolded state 

(US). The FS3 conformation represents the most stable of the confor-
mational states of the folded protein and the US4 conformation with μ =
115.6 Å on Rc and ΔGi0 = 15.5 kJ/mol is the most stable of the two 
conformational states of the unfolded protein. The upper potential 
barrier with a height of ΔGj0 

≠ = 22.6 kJ/mol and μ = 99.4 Å on Rc 
corresponds to the IS9 region and is the rate limiting transition state (TS) 
for the folding-unfolding equilibrium, as presented in Fig. 3. The 
folding-unfolding rate limiting constants kf and ku can be calculated by 
the classical kinetic equation (Behar et al., 2017): 

ki = k0f e− ΔG∕=

i /RT (16) 

Where i = f or u, and k0f = (1μs)− 1 is the upper limit of the diffusion- 
controlled rate of protein folding (Hagen et al., 1996). As a result, for 
the rate limiting steps kf = 6.36 × 104 sec− 1 and ku = 1.56 × 102 sec− 1, 
the corresponding transmission path times are tf = 1.57 × 10− 5 s and tu 
= 6.43 × 10− 3 s. The predicted folding of IQSEC2 in ~16 μs correlates 
with the previously described rate of closing of a long loop in a chemi-
cally unfolded cytochrome which occurred in 35–40 μs (Hagen et al., 
1996).

3.2. Determination of which IQSEC2 conformers can form an encounter 
complex with ARF6

We wished to determine which of the IQSEC2 conformers would be 
predicted to be catalytically active. We examined all of the folded and 
unfolded IQSEC2 conformers for their ability to form encounter com-
plexes with ARF6. Both the IQSEC2 US2 and US4 unfolded states can 
form complexes with ARF6. Among the folded conformers, only FS1, 
FS4, and FS7 can bind ARF6 because there are unresolvable conforma-
tional clashes between the ARF6 loop (amino acids 37–50 of ARF6) and 
the PH domain loop (IQSEC2 amino acids 953–972) of the FS2, FS3, FS5 
and FS6 IQSEC2 conformers. Moreover, FS3 and FS6 have unresolvable 
conformational clashes with the α-helical fragment 878–895 of the 
IQSEC2 catalytic Sec7 domain. Fig. 4 shows the computational 3D 
structures of such unrealized complexes of ARF6 with conformers FS2 
and FS3. The relative concentrations of active (IQSEC2 capable of 
forming a complex with ARF6) and inactive folded conformers of 

Fig. 2. Potential of mean force graph of the IQSEC2 folding along the Rc 
reaction coordinate. Labels present the ΔGi0 values calculated relative to the 
most stable FS3 folded conformer, for details see Table 1 and Thermodynamics. 
xlsx file in SI.

Table 1 
IQSEC2 conformational macrostates on the Rc reaction coordinate. The 
μ(Rc) are mean values in (μ - σ, μ + σ) intervals on Rc corresponding to the 
number of snapshots of each macroscopic state of IQSEC2 during the folding 
process. Potential minimum states are shown in bold.

Conformational states Snapshots count Li μ(Rc) Å ΔGi0 kJ/mol

IS1 3706 30.77 9.8
FS1 19771 33.06 5.2
IS2 8575 36.80 7.5
FS2 58247 40.38 2.1
IS3 15304 43.57 6.2
FS3 126557 46.99 0.0
IS4 13675 50.76 6.4
FS4 41230 55.39 3.4
IS5 4333 58.78 9.6
FS5 44383 63.68 3.2
IS6 691 68.05 14.6
FS6 18439 71.25 5.6
IS7 2225 76.19 11.6
FS7 5569 80.76 9.4
IS8 1750 85.90 12.5
US1 172 93.08 18.6
IS9 50 95.35 21.8
US2 179 97.31 18.6
IS10 38 99.37 22.6
US3 127 101.26 19.5
IS11 281 108.99 17.4
US4 617 115.65 15.5
IS12 108 119.67 20.0
Total sum 366027  
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IQSEC2 can be calculated from the corresponding snapshots population 
in Table 1. There are 20% active and 80% inactive folded conformers. 
Among all folded conformers of IQSEC2, the most stable FS3 dominates 
with a population of 40.3%. Free energies of ARF6 binding with the most 
stable unfolded conformer US4, the US4-US4 dimer, and Sec7-PH 
domain (749–1094) were calculated by the PRODIGY server. The 
contribution to the intermolecular bond energy of electrostatic in-
teractions between any contacting pair of oppositely charged amino acid 
side chains and especially ionic hydrogen bonds at the interface was an 
order of magnitude greater than the contribution of any pair of van der 
Waals interactions. Table 2 presents N – O interatomic distances be-
tween functional groups of oppositely charged amino acid side chains in 
the contact surface of ARF6 encounter complexes with either mono-
meric US4, the US4-US4 dimer or SEC7-PH domain, as well as the free 
energies of binding of these complexes predicted by PRODIGY. These 
data predict that the US4 conformer should be able to interact well with 
ARF6, and to be catalytically active, whether it is in a monomeric or 
dimeric form.

3.3. Computational prediction of the structure of IQSEC2 dimers and their 
ability to interact with ARF6

Meyers et al. demonstrated experimentally that IQSEC2 predomi-
nately exists as a dimer in its active form and proposed that dimerization 

\was mediated via its N-terminal coiled-coil domain (IQSEC2 amino 
acid residues 1–67 (Myers et al., 2012). The 3D structures of the IQSEC2 
monomer and dimer have not been described. Based on the 3D struc-
tures of the folded FS3 and unfolded US4 conformers of IQSEC2 we 

Fig. 3. 3D structures of the most stable folded (FS3) and unfolded (US4) IQSEC2 conformers, and the IS10 macrostate which is the rate limiting transition 
state (TS) of the folding-unfolding equilibrium. The numerical values are distances in Å between the Cα atoms of Gly167 and Pro410 of IQSEC2. The latter was 
accepted as the Rc reaction coordinate of folding. Colors: N-terminus (1–67)-blue; Sec7 domain (746–939)-red; the remaining IQSEC2 fragments – grey.

Fig. 4. The majority of folded conformers of IQSEC2 cannot bind ARF6. The3D structures of ARF6-IQSEC2 encounter complexes which are predicted not to occur 
due to conformational clashes between linked loops of ARF6 and the PH domain in the FS2 and FS3 IQSEC2 conformers. FS3 also has an unresolvable conformational 
clash with an alpha-helix within Sec7 domain. Colors: N-terminus (1–67)-blue; IQ domain (347–376) - green; Sec7 (746–939) - red; PH (951–1085) - cyan; the 
remaining IQSEC2 fragments – grey; ARF6-yellow.

Table 2 
Encounter complexes of ARF6 with IQSEC2. The encounter complex of ARF6 
with monomeric US4 IQSEC2 and with the US4-US4 IQSEC2 dimer is compared 
to the complex of ARF6 with Sec7-PH (749–1094) IQSEC2 fragment. Ionic 
hydrogen bond distances are shown in bold. Free energies of binding ΔG are 
predicted by the PRODIGY server.

Interactions of oppositely 
charged ionic side chains 
of amino acid residues

Distances [Å] between N and O atoms of functional 
groups

IQSEC2 ARF6 SEC7-PH-ARF6 US4-ARF6 US4:US4 dimer-ARF6

Asp 441 Lys 32  4.88 7.33
Glu 849 Lys 26 5.38 6.04 7.50
Lys 852 Asp 22 4.53 6.40 6.76
G 854 Lys 69 10.19 8.24 8.44
Asp 879 Lys 69 2.71 2.74 2.70
Asp 894 Arg 15 4.44 5.27 6.20
Lys 913 Glu 111 6.38 3.96 4.77
Asp 919 Lys 69 10.15 7.92 10.76
ΔG [kJ/mol] − 63.1 − 70.2 − 64.0
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generated their dimers FS3-FS3 and US4-US4 by means of the ClusPro 
protein-protein docking method as described in Methods (Kozakov et al., 
2017). The folded FS3 dimer has a weaker stability as predicted by the 
PRODIGY server (Xue et al., 2016; Vangone and Bonvin, 2015) and has a 
free energy of − 50.2 kJ/mol as compared to − 58.5 kJ/mol for the 
unfolded US4 dimer, which is due to the much smaller contact surface of 
673.4 Å2 between the N-termini in the FS3 dimer compared to the 
N-termini in the US4 dimer with a contact surface value of 1289.2. Å2 

(Fig. 5). The N-termini are in close contact along their axes in the 
US4-US4 dimer in contrast to the FS3-FS3 dimer. The interactions of 
amino acid pairs mediating the contact of both FS3-FS3 and US4-US4 
dimers are presented in the files FS3-FS3 interactions.xlsx and 
US4-US4 interactions.xlsx in SI. The free energy of binding of the US4 
dimer is contributed by 7 pairs of interactions of oppositely charged 
ionic amino acid residues, in contrast to the FS3 dimer, where there is 
not a single pair of ionic interactions.

4. Discussion

We present here an original algorithm for protein conformational 
analysis using principles of statistical thermodynamics based on the 
ensemble method of Gibbs. Since it is a general approach, it could be 
applied as a post-processing method with molecular dynamics simula-
tions for any biomolecule. Here we have applied the method to an 
intrinsically disordered protein IQSEC2 and identify multiple potential 
conformers which are predicted to have different biological activities. 
Specifically, we have shown that IQSEC2 can form a complex with ARF6 
only in an unfolded state and that it can also dimerize. We suggest that 
competition between the folding and dimerization of IQSEC2 is used by 
nature as a balance to quantitatively regulate the GDP exchange on 
ARF6 catalyzed by IQSEC2. The computational results presented here 
are consistent with experimentally determined results concerning how 
the GEF activity of IQSEC2 is regulated physiologically by Ca+2 in the 
neuron (Myers et al., 2012; Bai et al., 2023; Rogers et al., 2019).

Our modeling suggests that IQSEC2 can exist in multiple conformers 
both in a folded state and in an unfolded state and we have provided the 
predicted frequency distribution of these conformers. We have shown 
that about 80% of the folded conformers are predicted to be catalytically 
inactive while the unfolded conformers are all active as identified by the 

ability of these respective conformers to form encounter complexes with 
ARF6.

What regulates the transition from folded inactive conformers to 
unfolded active conformers of IQSEC2? Experimental studies from our 
lab and others have shown that in the setting of low intracellular Ca+2 
in the neuron (<100 nm) apocalmodulin (apoCM) is bound to the IQ 
region of IQSEC2 and IQSEC2 is catalytically inactive (Bai et al., 2023; 
Rogers et al., 2019). A rise in intracellular Ca+2 due to the binding of the 
neurotransmitter glutamate to a receptor on the surface of the neuron 
results in the dissociation of apoCM from IQSEC2 and the activation of 
the GEF activity of IQSEC2 (Brown et al., 2016). We propose that the 
Ca2+ dependent binding of apoCM controls the activity of IQSEC2 by 
regulating the folding of IQSEC2. When apoCM is bound this promotes 
transition of IQSEC2 into a folded state to which ARF6 cannot bind and 
IQSEC2 is thus inactive catalytically. When Ca+2 levels in the neuron 
rise and apoCM dissociates from the folded IQSEC2, this promotes 
transition into an unfolded state thereby providing access of the SEC7 
region of IQSEC2 to ARF6. Our modeling has also shown that IQSEC2 
can form dimers predominately in the unfolded state. Myers has shown 
that IQSEC2 dimer formation, as mediated by its N terminal region, is 
required for the physiological Ca+2 induced increase in IQSEC2 activity 
(Myers et al., 2012). We have shown that the electrostatic attraction 
between oppositely charged ionic amino acid residues in the IQSEC2 
N-terminal fragment dominates the stability of the US4-US4 dimer.

Study limitations

Although our results are well supported by experimental data and are 
consistent with the physiological regulation of IQSEC2 catalysis, further 
molecular modeling and experimental validation will be necessary in 
order to study the competing kinetics of the folding and dimerization of 
IQSEC2.

Medical significance and potential importance of this study

Understanding the regulation of IQSEC2 is critical for the develop-
ment of new treatments for children with mutations in IQSEC2. Spe-
cifically the model described here is being incorporated into an 
algorithm to design and test IQSEC2 minigenes that may be used for 
gene therapy for children with IQSEC2 disease. We are currently 
attempting to select regions of IQSEC2 which may be deleted and yet 
preserve folding and dimerization. The studies described here will allow 
computational testing of residues which can be deleted and yet preserve 
folding, formation of ARF6 encounter complexes and dimerization. 
Once we have computationally designed an active minigene we can test 
its biological activity in neurons derived from patient induced pluripo-
tent stem cells (Brant et al., 2021), as well as in mouse models of human 
IQSEC2 disease (Rogers et al., 2019; Brant et al., 2021; Jackson et al., 
2019; Jabarin et al., 2021; Kane et al., 2022).
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