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3.15 Modeling NaV1.2-PRRT2 and NaV1.2-³2-PRRT2 Assembly with AlphaFold3 

 
AF3 features an implemented deep learning architecture thanks to the introduction of the 

"Pairformer,"58 a transformer-based model that replaces the "Evoformer" module from 

AlphaFold256. This component utilizes a generalized tokenization strategy to handle a wide 

range of molecular structures and to extract features to model their interactions, allowing for 

an enhancement of Modeling accuracy and better performing on ûexible regions. The 

Pairformer58 is designed to capture complex pairwise relationships between amino acids, 

which is essential for precisely modeling highly complex interaction interfaces. In addition, 

AF358 incorporates a di;usion-based optimization technique that progressively reûnes an 

initial, randomly generated atomic structure into a precise three-dimensional model, 

leveraging the insights provided by the Pairformer58. 

Before employing it to predict the transmembrane NaV1.2-PRRT2 complex, benchmarks of AF3 

were performed using the Cryo-EM structures of the following heterocomplexes: NaV1.2-³2, 

NaV1.6- ³1 and NaV1.7- ³1- ³2 (see Appendix C). 

The full-length primary sequences of NaV1.2, ³2 and PRRT2 were obtained from the 

UniProtKB309 database and utilized as input. Two di;erent runs were generated, accounting for 

the reconstruction of the following herocomplexes: NaV1.2-PRRT2 and NaV1.2- ³2-PRRT2. The 

top ûve models for each predicted assembly were visually inspected with PyMOL337. AF358 best 

candidates for the assemblies are displayed in Figure 59 and Figure 60 in section 4.5.2. 

 

3.15.1 Extraction of VSD-PRRT2 Conûgurations from AF3 Predictions 

 
The top ûve ranked predicted complexes for NaV1.2-PRRT2 and NaV1.2-³2-PRRT2 were visually 

inspected with PyMOL337 to check for topological inconsistencies, particularly focusing on the 

orientation of PRRT2 across the membrane. Only models with intracellular N-terminal and 

extracellular C-terminal were selected. After isolating the VSD-PRRT2 interaction interfaces 

reconstructed, these heterocomplexes were compared to the cluster representatives obtained 

from the cross-docking pipeline, to assess the consistency of the predicted binding interfaces. 
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4. Results 

 
 
This chapter is organized in three sections: the ûrst one is devoted to the study of NaV channels, 

with a particular focus on NaV1.2. First, the outcomes of atomistic unbiased MD simulations 

are reported, illustrating the structural features of channels conûgurations and the 

spontaneous Na+ permeation events through their conduction pores. Then, the 

thermodynamic characteristics of ion permeation through NaV1.2 are reported, based on two-

dimensional (2D) FESs obtained from TAMD/OTFP calculations performed with three di;erent 

force-ûelds: CHARMM36m154, AMBERFf14SB330, and OPLS-AA156.   

 

In the second section, we discuss all-atom unbiased MD simulations of the PRRT2-TMD model, 

and how a set of pathogenic mutations impact its structure. 

 

Finally, in the third section, we present the steps followed to ûnd NaV1.2-PRRT2 transmembrane 

interaction-interfaces, featuring CG MD simulations of spontaneous association, cross-

docking calculations using representative interactors conformations from the all-atom MD 

simulations, poses reûnement and ranking. Based on the obtained associated conformations, 

we ûnally identify the NaV1.2 residues that are most likely to form interactions with PRRT2.   

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 112 

4.1 Atomistic Molecular Dynamics Simulations of Voltage-Gated Sodium Channels  

  

4.1.1 Conformational Integrity of NaVs Homology-Based NaVs and Cryo-EM NaV1.2 
Conûguration 

 
The stability of each NaV structure employed in unbiased all-atom MD simulations was 

evaluated via calculating the root mean square deviation (RMSD) from its reference 

conûguration (Figure 25, Figure 26). Particularly, these estimations targeted the pore domain 

(encapsulating S5-S6 segments and P-loops of each domain) (Figure 25) and the P-loops 

(Figure 26), aiming at clarifying how much the conduction cavity and the selectivity ûlter locus 

deviate from their starting conformations during the dynamics. The selected residues intervals 

included in P-loops RMSD calculations are detailed in Table 6. All the RMSD traces reach 

plateau values of ~ 2-3 Å, indicating that no major drifts were sampled in simulation 

trajectories (Table 7, Table 8); a superimposition of NaV1.2 cryo-EM pore domain 

conûgurations at simulation times � = 0	 and � = 500	��	is provided in Figure 27. As expected, 

most of the di;erences locate in the extracellular domain. 

By comparing trajectories of homology-based NaVs with the cryo-EM NaV1.2, no signiûcant 

di;erences in the pore domain topology were detected, highlighting the reliability of the 

models.  

 
Channel NaV1.2 (UID: Q99250) NaV1.1 (UID: P35498) NaV1.6 (UID: Q9UQD0) 
Domain I F360-A397 F368-A395 D354-A383 
Domain II F929-G955 F938-V962 F922-V947 
Domain III V1408-S1434 N1417-D1443 V1399-D1424 
Domain IV F1700-L1724 F1710-L1734 T1690-I1714 

 
Table 6. Residues Included in the P-loops RMSD Calculations. UniProtKB identiûers (UID) are reported for each 
NaV channel isoform.   
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Figure 25. RMSD Proûles for NaVs Pore Domain. The calculations refer to amino acids of helices S5-S6 and the 
P-loops of each domain (DI-DIV). 

 
System RMSD (� ± �)	Å 

Homology-based NaV1.2* 1.97 ± 0.20  
Homology-based NaV1.2 1.95 ± 0.23  
Homology-based NaV1.1 3.09 ± 0.32  
Homology-based NaV1.6 2.07 ± 0.29  

Cryo-EM NaV1.2 REPLICA1 2.18 ± 0.22  
Cryo-EM NaV1.2 REPLICA2 2.22 ± 0.17  

 
Table 7. Average and Variance Values for Pore Domain RMSD Proûles. All the simulations were carried out using 
the HMR method and a time step of 4 fs, except for the starred replica, in which standard atomic masses and a 
time step of 2 fs were used.  
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Figure 26. RMSD Traces for NaVs P-loops. The calculations refer to amino acids reported in Table 6.  

 
System RMSD (� ± �)	Å 

Homology-based NaV1.2* 1.48 ± 0.14  
Homology-based NaV1.2 1.71 ± 0.28  
Homology-based NaV1.1 1.83 ± 0.18  
Homology-based NaV1.6 1.95 ± 0.49  

Cryo-EM NaV1.2 REPLICA1 1.71 ± 0.18  
Cryo-EM NaV1.2 REPLICA2 1.73 ± 0.22  

 
Table 8. Average and Variance Values for P-loops RMSD Traces. All the simulations were carried out combining 
the HMR method and a time step of 4 fs except for the starred replica, in which standard atomic masses and a 
time step of 2 fs were used.  



 115 

Figure 27. Structural Superimposition of Pore Domain Conûgurations. Cryo-EM NaV1.2 conûgurations at the 
beginning and at the end of the MD simulation were superimposed with PyMOL and rendered as cartoon. Top: 
domains DI and DIII are colored grey and green at � = 0	��, and blue at � = 500	��. Bottom: DII and DIV are yellow 
and cyan at � = 0	�� and blue at � = 500	��. Amino acids of the selectivity ûlter layers are displayed as sticks and 
spheres and colored accordingly. The lettering for the DEKA ûlter is presented in red. The RMSD between the 
backbone atoms of the two conûgurations is 2.45 Å.  
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To further monitor structural stability, we calculated a set of cross distances (CDISTs), deûned 

between amino acids located in facing NaV  domains. Details of the atoms implicated in the 

calculations are provided in Table 10, where they are reported following the CHARMM 

nomenclature: CA is the backbone C�, while CD, CG and CE are �], �^  and �_  , respectively. 

These residues form layers along the conduction pore, and ûuctuations of the distances are 

suitable descriptors of its structure. Mean values for CDISTs were obtained from each MD run 

and they were averaged together to compare them with those extrapolated from PDB ID: 6j8e, 

retrieved from RCSBPDB (Table 9). All CDISTs are conserved throughout the MD runs, 

highlighting the stability of the structures obtained from the RMSD proûles presented in (Figure 

25, Figure 26). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
Table 9. Cross Distances of the Conduction Cavity.  Values from the Cryo-EM NaV1.2 structure (PDB ID: 6j8e) 
are reported in the second column in Å, while averages over MD simulations are listed in the third column.  

 

Cross Distance PDB ID: 6J8E (Å) �	 ± 	� (Å) 

d1A 17.9  17.06 ± 0.37  

d1B 13.2  12.50 ± 0.40  

d2A 17.6  19.37 ± 1.04  

d2B 12.0  13.88 ± 1.01  

d3A 10.8  10.45 ± 0.64  

d3B 9.1  8.60 ± 0.57  

d4A 11.9 12.13 ± 0.90 

d4B 10.2  10.94 ± 0.81  

d5A 11.3  12.93 ± 0.43   

d5B 11.2  9.41 ± 0.35  

d6A 11.6  14.21 ± 1.29  

d6B 12.9  10.21 ± 0.62  

d7A 13.7  13.30 ± 1.07  

d7B 11.1  9.79 ± 1.01  

d8A 15.7  15.94 ± 1.69  

d8B 11.6  14.01 ± 2.03  

d9A 15.7  14.11 ± 0.50  

d9B 12.3  9.14 ± 0.43  
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EEDD motif 
 
 
 
 

 
 
 

d1A: E387(CA) - D1426(CA) 
d1B: E387(CD) - D1426(CG) 

 
 

 
d2A: E945(CA) - D1717(CA) 
d2B: E945(CD) - D1717(CG) 

 
 
 
 
 
 
 

DEKA motif 
 
 
 
 

 
 
 

d3A: D384(CA) - K1422(CA) 
d3B: D384(CG) - K1422(CE) 

 
 
 

d4A: E942(CA) - A1714(CA) 
d4B: E942(CD) - A1714(CB) 

 
 
 
 
 
 

Backbone 
motif 

 
 
 

 
 

d5A: COM T382(CA)/Q383(CA) - COM 
T1420(CA)/F1421(CA) 

d5B: COM T382(O)/Q383(O) - COM 
T1420(O)/F1421(O) 

 
d6A: COM C940(CA)/G941(CA) - COM 

T1712(CA)/S1713(CA) 
d6B: COM C940(O)/G941(O) - COM 

T1712(O)/S1713(O) 

 
 
 
 
 
 

 
Gate 

 
d7A: L421(CA) - I1469(CA) 
d7B: L421(CG) - I1469(CB) 

 
d8A: F978(CA) - I1775(CA) 

d8B: COM F978 (CG-CD1-CD2-CE1-CE2-CZ) 
- I1775(CB) 

 
d9A: F978(CA) - Y1771(CA) 

d9B: COM F978 (CG-CD1-CD2-CE1-CE2-CZ) 
- COM Y1771 (CG-CD1-CD2-CE1-CE2-CZ) 

 
 
Table 10. Atom Selections for CDISTs Calculations. Target residues for CDISTs are grouped according to the 
selectivity ûlter layer they pertain to. Residues in each layer (EEDD, DEKA, backbone motif and the gate) are 
rendered as stick and spheres in the third column of the table. NaV domains are displayed as transparent cartoon 
and colored as follows: DI in grey, DII in yellow, DIII in green and DIV in cyan.  

D1426 

E387 

E945 

D1717 

D384 E942 

K1422 

A1714 

C940 

Q383 
G941 

T1420 

F1421 

T1712 

S1713 

Y1771 

I1775 

F978 

L421 

F978 

T382 
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4.1.2 Contacts between Na+ Ions and The Selectivity Filter  

 
We monitored Na+ permeation events in all unbiased MD simulations. While accounting for 

limited sampling, they can be employed to derive a preliminary framework of ion translocation 

through the NaVs. A representative reconstruction of the path followed by a single Na+ during its 

descent toward the intracellular gate of NaV1.2 is displayed in Figure 28. 

 
 

 
 
Figure 28. Single Na+ Ion Permeation Event. Frames corresponding to a unique cation translocation event were 
isolated from the standard MD trajectory of Cryo-EM NaV1.2. Derived channel conûgurations were superimposed 
on the structure corresponding to the ûrst frame extrapolated and the protein was rendered as cartoon. DIV is 
hidden for clarity. Sidechains of residues located in EEDD and DEKA layers are depicted as sticks and spheres, 
while only the backbone atoms of the carbonyl rings are shown. The sidechain of K1422 is colored in blue, with the 
nitrogen atom depicted as a larger sphere. The Na+ ion is pictured as an orange sphere from each successive 
frame.   
 

 
Na+ ions occupancy in the conductivity ûlter was monitored during MD simulations as 

described in Methodologies (sections 3.2.1.4; 3.2.15). Results are reported in (Table 11). The 

distribution of the number of ions residing in the conductivity ûlter during all NaVs simulations 

evidences a preference for a single-ion state (Table 11-Figure 29,A), even though small 

percentages of frames featuring 2 or 3 ions were found (Table 11-Figure 29B, C).  

 

 



 119 

NaV System Time (ns) 0 Ions (%) 1 Ion (%) 2 Ions (%) 3 ions (%) 4 ions (%) 

1.2* Model 500 7.7 66.3 25.1 0.9 - 

1.2 Model 500 10.9 59.7 28.3 1.1 - 

1.1 Model 500 15.6 65.1 19.0 0.3 - 

1.6 Model 500 7.6 65.2 26.7 0.5 - 

1.2 Cryo-EM (R1) 500 4.3 53.4 41.1 1.2 - 

1.2 Cryo-EM (R2) 500 18.5 73.1 8.0 0.4 - 

 
Table 11. Ionic Occupancies from 0 to 4 Ions in NaVs Conduction Cavity during Unbiased MD Simulations. 
Quantiûcations are reported as percentages over the total amount of frames. The standard MD runs were 
performed using the HMR protocol and a time step of 4 fs, while for the starred one standard atomic masses were 
employed coupled to a time step of 2 fs.  
 
 

 
 
Figure 29. Single and Multi-ion Pore Conûgurations. Representative frames for ionic occupancies were isolated 
from the Cryo-EM NaV1.2 MD simulation. Single (A), double (B) and triple (C) Na+ ions states are shown.  
 

 
To identify speciûc locations where Na+ ions reside within the ûlter, frames were extracted from 

the simulations. We lumped together conûgurations from all NaVs, based on the following 

considerations: 

 

1. Fingerprinting residues composing the selectivity ûlter layers are equivalent in 

channel isoforms NaV1.1, NaV1.2 and NaV1.6. 

2. NaV1.1 and NaV1.6 reference conûgurations at simulation time &� = 0	�� display a 

P-loops RMSD ~0.1	Å when superimposed to the corresponding NaV1.2 structure. 

3. P-loops RMSD proûles outline a high grade of conformational conservation during all 

the sampled standard trajectories (Figure 26), accounting for both a maximum 

average value and a maximum variance of 1.95 Å and 0.49 Å, respectively (Table 8). 
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Figure 30,A shows histograms of the � coordinate of  Na+ in the SF,  as observed in all single-ion 

population frames. Results point out that the ion resides primarily in the lower section of the 

selectivity ûlter (SF), just beneath the DIEIIKIIIAIV locus, near the inner carbonyl rings. Figure 30,B 

shows histograms of the � coordinate of the ammonium nitrogen of the DEKA ring (K1422 in 

NaV1.2), supposed to play a role in assisting Na+ translocation events. The lysine side chain 

mostly populates positions above the ion, where the positive charge can interact with the 

negatively charged residues of the ring. 

Figure 30,C reports histograms of the z coordinate of two Na+ ions and of their center of mass 

(COM) within the ûlter. The COM shows two peaks at >10 Å and >4 Å, with one Na+ near the 

EIEIDIIIDIV domain and the other below the DIEIIKIIIAIV  motif.  

 

 
 
Figure 30. Histograms of Z-coordinate Values of (A) the Na+ ion and (B) the lysine ammonium nitrogen in single-
ion states, and (C) individual ions and their COM in double-occupancy states. Vertical lines indicate the z 
coordinates of the C³ atoms of ûlter residues from the equilibrated conûguration of NaV1.2 (red for EEDD, black 
for DEKA, and blue for each couple of residues right below the DEKA ring). 
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4.2 FE Calculations for Sodium Permeation through the NaV1.2 Pore Domain 

 

4.2.1 Conûgurational Stability of NaV1.2 Pore Unit 

 
We used the TAMD/OTFP method to calculate FESs for Na+ permeation through SF of the cryo-

EM NaV1.2 structure. Since unbiased MD simulations showed that the permeation of one cation 

is the most likely event, we began with single-ion calculations. We computed 2D FESs by 

considering as CVs the z coordinates of the ion and of the K1422 ammonium nitrogen. Three 

batches of MD runs were carried out with di;erent force-ûelds, CHARMM36m, AMBERFf14SB 

and OPLS-AA (with and without long-range LJ correction, see Methods (section 3.2.2-Table 1-

Table 4).  

In all trajectories, the conformational integrity of the protein was checked via calculating the P-

loops RMSD, again using the residues listed in Table 6. RMSD proûles are reported in (Figure 

31; Figure 33; Figure 35; Figure 37) with mean and variance values documented in (Table 12; 

Table 14; Table 16). The curves display a maximum average and maximum variance of 1.45 Å 

and 0.27 Å for the CHARMM36m force ûeld, respectively; a maximum average of 0.99 Å and a 

maximum variance of 0.26 Å for the AMBERFf14SB; a maximum average of 1.22 Å and a 

maximum variance of 0.35 Å for the OPLS-AA force ûeld with the LJ correction; a maximum 

average of 1.24 Å and a maximum variance of 0.24 Å for the OPLS-AA force ûeld without the 

Lennard-Jones correction. These values are in line with the outcomes of standard MD 

simulations (Figure 26), indicating that enhanced sampling methodology does not trigger 

relevant conformational distortions.  

To visualize the pore regions visited by the Na+ ion, conformations sampled at the end of each 

TAMD/OTFP simulation were superimposed (Figure 31; Figure 33; Figure 35; Figure 37). For 

each simulation, the time evolution of the Na+ ion and the K1422 nitrogen � coordinates are 

shown in (Figure 32; Figure 34; Figure36; Figure 38), while mean and variance values are listed 

in (Table 13; Table 15; Table 17).  
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Figure 31. Na+ Ion Permeation through NaV1.2 (CHARMM36m). Snapshots from TAMD/OTFP simulations are 
superimposed, with NaV1.2 domains DI-III depicted as ribbons and DIV hidden for clarity. The sodium ion is 
displayed both as orange spheres and transparent density surface. For each replica, the P-loops RMSD proûle is 
provided on the right.  
 

System REPLICA1 REPLICA2 REPLICA3 REPLICA4 REPLICA5 

RMSD (� ± �	)	Å 1.31 ± 0.24  1.45 ± 0.25  1.15 ± 0.25  1.24 ± 0.24  1.40 ± 0.27  

 
Table 12. P-loops RMSD Values for REPLICA1-REPLICA5 for CHARMM36m TAMD/OTFP Runs. 
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Figure 32. Na+ and K1422 Dynamics (CHARMM36m). For each replica simulation, the z-coordinates of the Na+ 
ion (orange line) and of the nitrogen atom of the K1422 side-chain (blue line) are shown.  
 

System SOD (� ± �) Å K1422-NZ (� ± �) Å 
REPLICA1 11.46 ± 7.80  6.75 ± 4.53  

REPLICA2 5.42 ± 6.43  10.70 ± 5.12  

REPLICA3 8.39 ± 6.93  8.66 ± 4.44  

REPLICA4 10.17 ± 7.48  10.13 ± 5.10 

REPLICA5 9.32 ± 8.25  7.69 ± 4.70  

 
Table 13. Z Coordinates Average and Variance Values (in Å) for CHARMM36m TAMD/OTFP Runs.   
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Figure 33. Na+ Ion Permeation through NaV1.2 (AMBERFf14SB). Snapshots from TAMD/OTFP simulations are 
superimposed, with NaV1.2 domains DI-III depicted as ribbons and DIV hidden for clarity. The sodium ion is 
displayed both as orange spheres and transparent density surface. For each replica, the P-loops RMSD proûle is 
provided on the right.  
 

System REPLICA1 REPLICA2 REPLICA3 
RMSD (� ± �) Å 0.83 ± 0.13  0.98 ± 0.26  0.99 ± 0.20  

 
Table 14. P-loops RMSD Values for REPLICA1-REPLICA3 for AMBERFf14SB TAMD/OTFP Runs. 
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Figure 34. Na+ and K1422 Dynamics (AMBERFf14SB). For each replica simulation, the z-coordinates of the Na+ 
ion (orange line) and of the nitrogen atom of the K1422 side-chain (blue line) are shown.  
 
 

System SOD (� ± �) Å K1422-NZ (� ± �) Å 
REPLICA1 15.33 ± 6.81  9.06 ± 3.86  

REPLICA2 13.36 ± 7.26  9.81 ± 6.00  

REPLICA3 13.70 ± 7.55  7.58 ± 4.50  

 
Table 15. Z Coordinates Average and Variance Values (in Å) for AMBERFf14SB TAMD/OTFP Runs.   
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Figure 35. Na+ Ion Permeation through NaV1.2 (OPLS-AA). Snapshots from TAMD/OTFP simulations are 
superimposed, with NaV1.2 domains DI-III depicted as ribbons and DIV hidden for clarity. The sodium ion is 
displayed both as orange spheres and transparent density surface. For each replica, the P-loops RMSD proûle is 
provided on the right.  

 
System REPLICA1 REPLICA2 REPLICA3 

RMSD (� ± �) Å 1.22 ± 0.35  1.00 ± 0.23 1.12 ± 0.18  
 
Table 16. P-loops RMSD Values for REPLICA1-REPLICA3 for OPLS-AA TAMD/OTFP Runs. 
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Figure 36. Na+ and K1422 Dynamics (OPLS-AA) For each replica simulation, the z-coordinates of the Na+ ion 
(orange line) and of the nitrogen atom of the K1422 side-chain (blue line) are shown.  
 

 
System SOD (� ± �) A K1422-NZ (� ± �) Å 

REPLICA1 13.35 ± 8.22  11.08 ± 5.01  

REPLICA2 7.78 ± 8.06  10.37 ± 4.81  

REPLICA3 11.41 ± 8.19  9.74 ± 5.20  

 
Table 17. Z Coordinates Average and Variance Values (in Å) for OPLS-AA TAMD/OTFP Runs.   
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Figure 37. Na+ Ion Permeation through NaV1.2 (OPLS-AA without LJ correction). Snapshots from TAMD/OTFP 
simulations are superimposed, with NaV1.2 domains DI-III depicted as ribbons and DIV hidden for clarity. The 
sodium ion is displayed both as orange spheres and transparent density surface. For each replica, the P-loops 
RMSD proûle is provided on the right.  

 
System REPLICA1 REPLICA2 REPLICA3 

RMSD (� ± �) Å 1.06 ± 0.29  1.24 ± 0.24  1.16 ± 0.31  
 
Table 18. P-loops RMSD values for REPLICA1-REPLICA3 for OPLS-AA (without the Lennard-Jones correction) 
TAMD/OTFP Runs. 
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Figure 38. Na+ and K1422 Dynamics (OPLS-AA without LJ correction). For each replica simulation, the z-
coordinates of the Na+ ion (orange line) and of the nitrogen atom of the K1422 side-chain (blue line) are shown. 

 
System SOD (� ± �) Å K1422-NZ (� ± �) Å 

REPLICA1 8.57 ± 7.04  8.33 ± 5.00  

REPLICA2 8.54 ± 7.22  12.93 ± 6.01   

REPLICA3 8.74 ± 7.18  8.36 ± 4.61   

 
Table 19. Z Coordinates Average and Variance Values (in Å) for OPLS-AA TAMD/OTFP (without the Lennard-
Jones correction) Runs.   
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4.2.2 Permeation of a Single Na+ Ion  

 

Five TAMD/OTFP runs were performed with the CHARMM36m force ûeld, three with 

AMBERFf14SB, and six with OPLSA-AA, three with and three without the LJ correction. Four 

maps were then obtained, one per force-ûeld, by calculating the average FE value in each point 

of the CVs domains. These are shown in (Figure 39). 

Consistent with the histograms from the standard MDs (Figure 30), the CHARMM36m map 

shows a deep energy well for a single Na+ ion at z values between 0 and 5 Å (x axis). In 

correspondence, the K1422 sidechain tip is between 6 and 11 Å (y axis), i.e. above the ion. 

Another, shallower Na+ well is located higher in the SF, toward the extracellular space, between 

15 and 20 Å, corresponding to the EIEIDIIIDIV ring. When the ion is in that region, the lysine is kept 

below at about 6-7 Å. A third, intermediate shallow region is connected to the inner basin, and 

corresponds to the two charges close to each other, with the ion at 8 Å and the nitrogen between 

6 and 7 Å. One major energy barrier separates the two domains and corresponds to a region of 

the ûlter between the EIEIDIIIDIV and the DIEIIKIIIAIV motifs. 

The AMBERFf14SB map is di;erent. The Na+ minima are in the same regions, although the inner 

extends to higher z values. Also, K1422 populates slightly higher z values. More importantly, the 

ratio between the minima is inverted and ampliûed, with the EIEIDIIIDIV one being the most 

stable. 

The OPLS-AA maps (with and without LJ correction) are more similar to the CHARMM36m one, 

although the two minima are at more di;erent energy levels and separated by higher energy 

barriers. Moreover, in both setups, when the ion is in the lower position, K1422 can reach higher 

values than in CHARMM36m, being its major minimum localized around 11 Å. 
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Figure 39. FESs of Single Na+ Translocation.  Average maps for each force-ûeld employed: CHARMM36m, 
AMBERFf14SB, OPLS-AA with and without the Lennard-Jones correction (OPLS-AA no LJ). The x- and y-axis 
represent the selected collective variables: the z-coordinates of the Na+ ion (rz(Na1))  and the K1422 ammonium 
nitrogen (rz(K-NH3+), respectively. The bar on top of the four average maps indicates FE variations in kcal/mol. 
Darker shades of the color bar are associated to energy minima, while lighter ones to disfavored system 
conûgurations. 
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The string method was employed for computing the minimum free energy path (MFEP) over all 

FESs. Figure 41 shows the MFEPs as white dotted traces over the corresponding FESs, together 

with FE proûles computed along each path.  

 

The path for the CHARMM36m force ûeld enables to describe the steps of Na+ ion permeation 

as follows: the ion accesses the vestibular region (EIEIIDIIIDIV locus) when K1422 points its 

sidechain toward the inner section of the selectivity ûlter, interacting with residues of the 

carbonyl ring (Figure 40, A). While Na+ moves down the ûlter, K1422 displaces its sidechain into 

an up-state (Figure 40,B), to allow the ion reaching its major FE minimum. The di;erence 

between the two minima is of 1.5 kcal/mol, and the barrier that separates them is 2 kcal/mol 

going toward the intracellular space and 3.5 kcal/mol in the opposite direction. The 

intermediate region is at the same energy of the vestibular minimum, and separated from the 

inner one by only 0.5 kcal/mol.  

 

The MFEP for AMBERFFf14SB shows that the vestibular minimum is more stable than the inner 

one by 3.5 kcal/mol. The barrier is about 6.5 kcal/mol to move inside and about 3 kcal/mol in 

the opposite direction. 

 

In the OPLS-AA with LJ, the inner minimum is more stable than the vestibular one by about 3.5 

kcal/mol. The barrier is ~ 2 kcal/mol inward, and ~ 5.5 kcal/mol outward. Without LJ, the minima 

locations are slightly shifted, but their energy values change substantially: the inner well is 5.5 

kcal/mol deeper than the vestibular, and the barrier is 2.5 kcal/mol inward and 7 kcal/mol 

outward. 
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Figure 40. Down (A) and Up (B) Conûgurations for the K1422 Sidechain. P-loops are rendered as cartoon. DI is 
colored in grey, DII in yellow, DIII in green while DIV is hidden for clarity. Amino acids of the EIEIIDIIIDIV and DIEIIKIIIAIV 
ûlters are presented as sticks. The sidechain of K1422 is portrayed as blue sticks while the nitrogen atom of its 
charged ammonium group is shown as a blue sphere. The sodium ion is illustrated as an orange sphere. 
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Figure 41. MFEPs for Ion Permeation with the Di]erent Force-ûelds. White dots indicate converged paths over 
the FESs of CHARMM36m (A), AMBERFf14SB (B) and OPLS-AA (C, D) force ûelds. On the right column, FE proûles 
along each MFEP are reported. 
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4.3 All-Atom Molecular Dynamics Simulations of PRRT2-TMD 

 

4.3.1 Molecular Dynamics of Wild-Type Proline Rich Transmembrane Protein 2 

 
A ûrst predicted model of PRRT2 transmembrane domain (TMD) was calculated using Robetta 

and presented in Rossi & al84. According to the structural prediction, the protein presents three 

distinct domains: a long intracellular intrinsically disordered NH2-terminal region (M1-R266); 

an intramembrane domain (TM1a-b, residues D267 to Q300) folding into an helix-hinge-helix 

motif, bending in proximity of two proline residues (P279 and P282),  and a membrane-spanning 

�-helix (TM2, V303-G337); a three-residue long COOH-terminal (residues V338 to K340).  

 

Here, the early PRRT2 model was compared with those generated by AlphaFold2, ESMFold and 

AlphaFold3 algorithms. Figure 42 shows superimpositions of predicted structures, while Table 

20 reports RMSD values and the percentages of structured/unstructured amino acids. All 

models present the same topological organization and an identical secondary structure 

elements assignation.  The ESMFold340 predicted structure accounts for the lowest root-mean-

square deviation (3.46 Å) from Robetta339 prediction, while RMSD values calculated for AF256 

and AF358 models are higher.   
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Figure 42. Structural Comparisons Between PRRT2-TMD Predicted Models. Robetta predicted structure for 
PRRT2-TMD (A) was superimposed to AF2 (D), ESMFold (B and E)  and AF3 (C and F) models. AI derived predictions 
in panels A-C are colored by pLDDT. In panels D-F Robetta predicted structure is displayed in blue, while ESMFold 
and AF3 ones are portrayed in green and orange, respectively. 
 

Models Compared RMSD (Å) 
Robetta-AF2 6.62  

Robetta-ESMFold 3.46  
Robetta-AF3 6.18  

 
Table 20. RMSD Values Resulting from PRRT2 Models Structural Superimposition. Predicted structures 
coming from AF2, ESMFold and AF3 were superimposed to Robetta predicted structure.  

 
 
 
 
 
 
 
Table 21. Secondary Structure Elements Assignment. Percentages of amino acids assigned to folded and 
disordered regions are reported. The notation <n= stands for <number of aminoacids=. 

 

 a-helix Residues (%) Unfolded Residues (%) 

Robetta 68.25 31.25 
AlphaFold2 71.25 28.75 
ESMFold 78.75 21.25 
AlphaFold3 80.0  20.0  
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The early PRRT2-TMD model was then further reûned in this work via two distinct, 1-��-long, all-

atom MD simulations, signiûcantly extending the 50-ns-long sampling carried out previously. 

In SIMULATION1 standard atomic masses and a time step if 2 fs (�� = 2	��) were employed, 

while in SIMULATION2 the HMR method coupled to a time step of 4 fs (�� = 4	��) was used. In 

both trajectories the protein maintained its structure, as shown by �-carbons RMSD proûles, 

computed with respect to the at � = 0	�� (Figure 43,B; Table 22). Cross distances (CDISTs) 

were calculated between residues A272, S294, and A313, localized within helices TM1a, TM1b 

and TM2, respectively (Figure 43,C). CDISTs proûles displayed no major drifts during the 

dynamics, further highlighting the stability of the protein model ûrmness (Figure 43,D).  

 
�� (fs) RMSD (� ± �) Å 

SIMULATION1 �� = �	 3.39 ± 0.74  
SIMULATION2 �� = �	 3.24 ±	0.53  

 
Table 22. RMSD Average and S.D. Values for PRRT2-TMD Trajectories. 
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Figure 43 Atomistic Modeling of PRRT2-TMD. A, snapshot extracted from the trajectory of SIMULATION1; PRRT2 
is portrayed as blue cartoon, lipids alkyl chains are displayed as gray sticks while POPC phosphorous atoms are 
presented as grey dots. Water molecules are shown as red and white lines, while Na+ and Cl- ions are illustrated 
as orange and purple spheres, respectively. B, �-carbon RMSD proûles calculated along the two PRRT2-TMD 
simulated trajectories at dinerent timesteps. C, ribbon and cartoon representation of the PRRT2 transmembrane 
domain; �-carbons of residues involved in CDISTs are represented as teal spheres; the CDISTs values reported are 
those at the simulation time � = 0 ns. D, cross-distances dynamics for SIMULATION1 (top) and SIMULATION2 
(bottom).  
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4.3.2 All-atom MD Simulations of PRRT2-TMD Single Point Pathogenetic Mutants 

 
The impact of single point pathogenic variants (Figure 44) on the conformation of PRRT2-TMD 

was investigated computationally. These pathogenic variants encompass the A320V mutant, 

which was identiûed in a family with PKD and BFIE358; the V286M mutant, discovered in a patient 

with PKD359; the recently reported de novo heterozygous missense mutation V319L in exon 3 of 

the gene360; and the recently identiûed I270V mutant, whose impact on PRRT2 expression 

remains undetermined361. Furthermore, four mutants (R266W, R308C, R311W, I327M) have 

been previously demonstrated to be expressed and targeted to the membrane in heterologous 

systems. The analysis presented in Sterlini B., et al. 2023, revealed that the A320V and V286M 

mutants signiûcantly a;ect PRRT2-NaV1.2 functional interactions, with the A320V mutant 

showing a loss of function (LOF) and the V286M mutant exhibiting an unexpected gain of 

function (GOF) compared to wild-type PRRT2 (WT-PRRT2). These ûndings highlight the critical 

role of Nav channel dysregulation in the pathogenesis of PRRT2-linked disorders and suggest 

that deviations in PRRT2 activity from its normal range may lead to circuit instability and 

paroxysmal manifestations. 

Eight independent, 1 ¿s-long, MD simulations of PRRT2 mutants were carried out employing 

the HMR protocol, the same method applied for the WT simulations. In each of the studied 

cases, the protein structure remained stable: the �-carbon RMSDs of all systems stabilized 

after 300 ns (Figure 45). RMSD average and standard deviation values calculated for each MD 

trajectory are reported in (Table 23).  The time evolution of cross-distances between residues 

A272, S294, and A313, located at the core of the intramembrane helical strings, showed no 

signiûcant drifts (Figure 46). These results indicate that the mutations do not compromise the 

integrity of the PRRT2-TM fold, despite their distinct locations along the protein sequence. 
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Figure 44. Structural Mapping of PRRT2 Pathogenetic Mutations. A snapshot of the equilibrated PRRT2-TMD 
was extracted from an MD trajectory. The backbone of the protein is represented as blue transparent ribbon 
while ³-carbons of pathogenetic variants are rendered as navy blue spheres.  Acyl tails of POPC molecules are 
depicted as transparent grey sticks, while phosphate atoms are portrayed as orange globes. Solvent molecules 
were hidden for clarity. Modiûed from: Sterlini B. et al., Missense mutations in the membrane domain of PRRT2 
anect its interaction with Nav1.2 voltage-gated sodium channels. Neurobiol Dis. 2023 Jul;183:106177. doi: 
10.1016/j.nbd.2023.106177. Epub 2023 Jun 2. PMID: 37271286. https://creativecommons.org/licenses/by-nc-
nd/4.0/ 

 

https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
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Figure 45. RMSD Proûles for PRRT2 Mutants Modelled via Molecular Dynamics Simulations. Alpha-carbon 
RMSDs dynamics for single point pathogenetic mutants are reported as black traces.  The mutated spots are 
displayed as spheres in structural models ûanking the RMSD proûles. PRRT2-TMD is rendered as blue ribbon and 
transparent cartoon. Modiûed from: Sterlini B. et al., Missense mutations in the membrane domain of PRRT2 
anect its interaction with NaV1.2 voltage-gated sodium channels. Neurobiol Dis. 2023 Jul;183:106177. doi: 
10.1016/j.nbd.2023.106177. Epub 2023 Jun 2. PMID: 37271286.https://creativecommons.org/licenses/by-nc-
nd/4.0/ 
 

 
 

https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/


 142 

Mutant RMSD (�	 ± 	�	) Å 
 
 

R266W 
 

 

 
 

3.38 ± 0.62  

 
 

I270N 
 

 

 
 

3.24 ± 0.54  

 
 

  V286M 
 
 

 
 

3.46 ± 0.37  

 
 

   R308C 
 

 

 
 

3.20 ± 0.41  

 
 

  R311W 
 

 

 
 

4.33 ± 0.53  

 
 

     V319L 
 

 

 
 

3.44 ± 0.58  

 
 

   A320V 
 

 

 
 

3.09 ± 0.38  

 
 

  I327M 
 

 

 
 

3.36 ± 0.56  

 
Table 23. Average Alpha-carbon RMSDs and S.D. for Simulated Mutants (Figure 44; Figure 45). 
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Figure 46. CDISTs Evolution for PRRT2-TMD Mutants. Traces for A272-S294 distance are presented in orange, 
while green and violet proûles stand for A272-A313, S294-A313 distances, respectively. Modiûed from: Sterlini 
B. et al., Missense mutations in the membrane domain of PRRT2 anect its interaction with NaV1.2 voltage-gated 
sodium channels. Neurobiol Dis. 2023 Jul;183:106177. doi: 10.1016/j.nbd.2023.106177. Epub 2023 Jun 2. PMID: 
37271286.https://creativecommons.org/licenses/by-nc-nd/4.0/ 

https://creativecommons.org/licenses/by-nc-nd/4.0/
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4.4 Finding the PRRT2-NaV1.2 TM Contact Interface 

 

4.4.1 Coarse-Grained MD Simulations of PRRT2-NaV1.2 Association 

Coarse-grained molecular dynamics (CG-MD) simulations using the Martini2.2 force ûeld were 

conducted to investigate potential spontaneous association events between PRRT2-TMD and 

the voltage sensor domains (VSDs) of the cryo-EM NaV1.2 channel. The cumulative sampling 

amounted to 30 ¿s, with each individual simulation running for 6 ¿s. Di;erential interactions 

were detected, each characterized by speciûc persistence times. In Replica 1, a transient 

interaction with VSDIV was detected, retained for approximately 50 ns (Figure 47,A-Table 24) 

and in a later sampling stage PRRT2 gives rise to two homodimers with other PRRT2 chains. In 

contrast, Replica 2 exhibited no detectable interactions with any VSDs throughout the 

trajectory time, but the generation of a PRRT2 dimer was detected. For Replica 3, interactions 

with both VSDIII and VSDI were identiûed, the ûrst persisting for more than 1.5 ¿s (Table 24), 

while the latter for less than a ¿s. Similarly, Replica 4 demonstrated an interaction both with 

VSDIII, maintained for approximately 1.5 ¿s (Table 24) and with VSDIV. Replica 5, similarly to 

Replica 2, showed no signiûcative binding event in generation with the VSDs, just a transient 

interaction with VSDIV, persisting for just 50 ns. A representative snapshot, portraying a 

conûguration for PRRT2-VSDIII interaction is reported in Figure 47,B. 

Notably, the VSDs appear to be the preferred binding sites for PRRT2, as no interaction interface 

between PRRT2 and the channel9s pore domain was observed. Additionally, throughout all 

simulations, PRRT2 was observed approaching and exploring the exposed binding surfaces of 

other VSDs, indicating that alternative contact networks could be potentially established 

between the interactors. 

 These outcomes evidence variability in interaction retention, with speciûc PRRT2-VSD 

engagements being highly dependent on the trajectory evolution of each replica. The absence 

of binding interfaces in two replicas (Replica 2 and Replica 5) could be attributed to the initial 

spatial separation between the interactors, allowing PRRT2 to di;use freely and delineate a 

spontaneous binding path prior to encountering the VSD surface. Indeed, the setup employed 

ensured that PRRT2 had ample time to explore the membrane environment before establishing 

contacts with the VSDs. This approach mimics a more physiologically relevant scenario, where 

PRRT2 is not pre-positioned in the transmembrane environment, but rather allowed to 

assemble with the VSDs through natural di;usive motions. 
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Table 24. List of Spontaneous Interactions in Generation between PRRT2-TMD with Cryo-EM NaV1.2-VSDs 
and with Itself. 

 

 
Figure 47. Examples of Detected Interactions in CG-MD Simulations. Trajectories snapshots for the lateral and 
extracellular views of spontaneous interactions between PRRT2-TMD and VSDIV in (A) and VSDIII (B). Binding 
partners are rendered as spheres. Domains of cryo-EM NaV1.2 are colored following the color code in this thesis, 
while PRRT2-TMD is displayed in blue. POPC molecules and solvent are hidden for clarity.  
 

 

 

Simulation time (��) Interactions 
REPLICA1 6 Interaction with VSDIV; A double PRRT2 dimer generates 
REPLICA2 6 	 No interactions with VSDs detected; PRRT2 dimerization 
REPLICA3 6 	 Interaction with VSDIII and VSDI 
REPLICA4 6 	 Interaction with VSDIII and VSDIV 
REPLICA5 6 	 Interaction with VSDIV 
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4.4.2 Multi-Program, Multi-Conformation Protein-Protein Docking 

 

4.4.2.1 Clustering of Single Interactors conformations  

 
Based on CG results, we performed docking calculations between PRRT2-TMD and NaV1.2 

VSDs. To obtain conformational ensembles for both interactors, we clustered the respective 

MD simulations using TTClust software. Five representative conûgurations were obtained as 

cluster centers for PRRT2-TMD, while for each VSD three centers per trajectory were retrieved, 

for a total of 72 VSD conformations. Cluster centers were visually inspected using PyMOL. As 

expected from the stability of the simulations, no signiûcative di;erences were detected for the 

protein backbone, while conformational heterogeneity was observed in terms of sidechains 

orientations.  

Each PRRT2 conformation was then docked onto the 72 VSD conûgurations. Three docking 

software were employed, LZerD, HDOCK and ClusPro, which showed similar computing 

performances (Figure 48). Top ranked candidates for each docking calculation were selected. 

First, conformations with inverted membrane topologies between PRRT2 and the channel 

where discarded. Then, in order to exclude conformations prohibited by topological constraints 

of the full channel structure, the poses were superimposed to the whole NaV1.2 conûguration. 

Finally, the 421 remaining conformations were clustered based on RMSD metric considering 

the whole PRRT2-VSDs complex.  
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Figure 48. Protein-Protein Docking Simulations. A. Lateral views of some top ranked poses for PRRT2-VSDs 
interfaces were aligned to the whole NaV1.2 structure; PRRT2 is represented as blue cylinders while the channel 
repeats are rendered as cartoon B. Extracellular view.  
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4.4.2.2 Structural Reûnement of the Complexes 

 
Clustering the docked poses returned 55 assemblies: 
 

• 16 for PRRT2-VSDI  
• 10 for PRRT2-VSDII  
• 16 for PRRT2-VSDIII  
• 13 for PRRT2-VSDIV. 

 
Conformational heterogeneity between binding modes ensembles was assessed via 

computing the root-mean-square deviation between �-carbons of pose pairs and converting 

the values obtained into RMSD matrices, one for each PRRT2-VSD poses9 group (Figure 49). 

RMSD ûuctuates between 0 and 17 Å for representative poses of PRRT2-VSDI assembly, 0 and 

21 Å for PRRT2-VSDII, 0 and 14 Å for PRRT2-VSDIII, and between 0 and 21 Å for PRRT2-VSDIV. 

PRRT2-VSDII and PRRT2-VSDIV structural ensembles present the larger intragroup variability 

(Figure 49,B and D), while PRRT2-VSDIII binding modes account for less intragroup ûuctuations 

(Figure 49,C). 

The 55 representative structures for PRRT2-VSD heteroassemblies were then optimized to 

locally maximize the interface area between the binding partners, by means of the 

ReûneComplex plug-in of the GalaxyWeb server. The backbone RMSD values between starting 

structures and their minimized counterparts ûuctuated around 1.21 Å, with minimum and 

maximum RMSD values of 0.56 Å, for one pose of PRRT2-VSDIV, and 1.89 Å for one pose of 

PRRT2-VSDIII complex. In (Figure 50) the superimpositions accounting for minimum (Figure 

50, A) and maximum (Figure 50,B) RMSD values are shown.  
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Figure 49. RMSD Matrices. Pairwise Root Mean Square Deviation (RMSD) values for cluster populations were 
calculated for each PRRT2-VSD heterocomplex. The x- and y-axes represent the number of cluster components, 
while the color bar next to each matrix indicates the RMSD value range (in Å) corresponding to each color. 
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Figure 50. Structural Superimpositions Presenting Minimum (A) and Maximum (B) RMSD Values. PRRT2-VSDs 
assembly are rendered as cartoon. In starting conûgurations PRRT2-TMD is colored in blue, while VSDIII (B) and 
VSDIV (A) are colored in green and cyan, respectively. Optimized interfaces are presented in orange. The RMSD for 
the superimposition in A is 0.56 Å, while for the one in B is 1.89 Å. 
 

4.4.2.3 Contact Analysis  

 
For each optimized interface, the number of residue-residue contacts between the VSD and 

PRRT2 was detected using COCOMAPS webserver. A VSD residue was categorized as 

<interacting=, if it resided at a distance lower or equal to 8 Å from a neighboring residue located 

on PRRT2-TMD. For each interacting residue, a global number of contacts was obtained as an 

average over those found in all the poses where it was interacting.  

For each VSD, average contact numbers for every amino acid in the VSDs are reported in panels 

A of (Figure 51 to Figure 54). Panels B indicated residues having a number of contacts greater 

or equal to 8.  

These results were crossed with those from a search aimed at ûnding the residues on each VSD 

whose mutation is known to be associated with pathologies (Figure 1-Figure 4 and Table 1-

Table 4, Appendix B). The remaining residues were mapped onto VSDs conûgurations to 

assess their localization along the protein chain (Figure 51 to Figure 54,C-D).  
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Figure 51. Contact Analysis for VSDI. (A) mean value of contacts with PRRT2 formed by each VSDI residues. (B) 
Mean and standard deviation of contacts for residues with the former larger than 8. (C) lateral and (D) extracellular 
view of PRRT2-interacting VSDI poses (grey ribbons); the  �-carbons of residues with a number of contacts larger 
than 8 are reported as spheres in their position along the chain.   
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Figure 52. Contact Analysis for VSDII. (A) mean value of contacts with PRRT2 formed by each VSDII residues. (B) 
Mean and standard deviation of contacts for residues with the former larger than 8. (C) lateral and (D) extracellular 
view of PRRT2-interacting VSDII poses (grey ribbons); the  �-carbons of residues with a number of contacts larger 
than 8 are reported as spheres in their position along the chain.   
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Figure 53. Contact Analysis for VSDIII. (A) mean value of contacts with PRRT2 formed by each VSDIII residues. 
(B) Mean and standard deviation of contacts for residues with the former larger than 8. (C) lateral and (D) 
extracellular view of PRRT2-interacting VSDIII poses (grey ribbons); the  �-carbons of residues with a number of 
contacts larger than 8 are reported as spheres in their position along the chain.   
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Figure 54. Contact Analysis for VSDIV. (A) mean value of contacts with PRRT2 formed by each VSDIV residues. 
(B) Mean and standard deviation of contacts for residues with the former larger than 8. (C) lateral and (D) 
extracellular view of PRRT2-interacting VSDIV poses (grey ribbons); the  �-carbons of residues with a number of 
contacts larger than 8 are reported as spheres in their position along the chain.   
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4.4.3 Hot Spots Detection  

 
We ûnally ranked all interacting residues in each VSD, based on their contact number. Panels A 

of (Figure 55-Figure 58) show the list of residues ordered by contact number, together with the 

following color code: amino acids with 15-20 contacts are colored in blue, those forming 10-14 

contacts are colored in cyan, and those forming 5-9 interactions are in yellow. As a result, the 

residues with the highest number of contacts are: 

• L175 on VSDI-S2 
• Y816 on VSDII-S3 
• F1213 on VSDIII-S1 
• F1527 on VSDIV-S2 

 
We observed that, in most cases, highly ranked residues are nearby. This allowed us to deûne 

interaction hotspots where to possibly introduce mutations, and clusters of residues within 

them (Figure 55-Figure 58,B). Hence, clusters components were chosen based on the number 

of contacts with PRRT2 and their spatial proximity. Resulting hotspots for the four NaV1.2 VSDs 

are listed in Table 25 below and illustrated in (Figure 55-Figure 58,B). 

 
 

Hotspots 
VSD Cluster 1 Cluster 2 
VSDI L130-N132-L134 L171-I174-L175 
VSDII Y816-Q820-F829 L771-V797- I801 
VSDIII F1210-V1213-M1241-V1248 F1266-D1283-V1287 
VSDIV F1527-S1536-L1573  F1590-R1586-F1610 

 
Table 25. Hotspot Residues for NaV1.2 VSDs. 

 
Since experimental results revealed that PRRT2 interacts with NaV1.2, but not with NaV1.1, we 

looked whether any of the sequence di;erences between the channels was included in these 

clusters. Residues N132, L175 and F1266, part of VSDI and VSDIII hotspots, are single-point 

di;erences between the two channels. Other primary sequence variations do not overlap with 

the clusters; therefore, they are not supposed to play a determinant role in the generation of 

the interaction surface.  
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Figure 55. Hotspots Detection and Mapping for NaV1.2 VSDI. A, Hotspots residues ranked by number of 
contacts, and highlighted by the color code in the legend. On the right, residues are mapped with the same color 
code on a cartoon representation of VSDI. B, Hotspot clusters mapped on VSDI, with their �-carbons as spheres 
colored according to the contacts code. Clusters are also reported in the legends on the right, where values in 
parentheses are the position in the ranking and black arrows point to suggested identity swaps. <din= indicates 
identity dinerences between NaV1.2 and NaV1.1, and the suggested mutations in this case are for the residue found 
in the latter.  
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Figure 56. Hotspots Detection and Structural Mapping for VSDII.  A, Hotspots residues ranked by number of 
contacts, and highlighted by the color code in the legend. On the right, residues are mapped with the same color 
code on a cartoon representation of VSDII. B, Hotspot clusters mapped on VSDII, with their �-carbons as spheres 
colored according to the contacts code. Clusters are also reported in the legends on the right, where values in 
parentheses are the position in the ranking and black arrows point to suggested identity swaps.  
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Figure 57. Hotspots Detection and Structural Mapping for VSDIII. A, Hotspots residues ranked by number of 
contacts, and highlighted by the color code in the legend. On the right, residues are mapped with the same color 
code on a cartoon representation of VSDIII. B, Hotspot clusters mapped on VSDIII, with their �-carbons as spheres 
colored according to the contacts code. Clusters are also reported in the legends on the right, where values in 
parentheses are the position in the ranking and black arrows point to suggested identity swaps. <din= indicates 
identity dinerences between NaV1.2 and NaV1.1.  
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Figure 58. Hotspots Detection and Structural Mapping for VSDIV. A, Hotspots residues ranked by number of 
contacts, and highlighted by the color code in the legend. On the right, residues are mapped with the same color 
code on a cartoon representation of VSDIV. B, Hotspot clusters mapped on VSDIV, with their �-carbons as spheres 
colored according to the contacts9 code. Clusters are also reported in the legends on the right, where values in 
parentheses are the position in the ranking and black arrows point to suggested identity swaps.   
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4.5 AF3-Based Reconstruction of NaV1.2 Complexed with Its Interactors: PRRT2 and 

³2 

 

AF358 was used to predict the structure of NaV1.2-PRRT2 transmembrane complex, with and 
without and the ³2 auxiliary subunit. 

 

4.5.1 NaV1.2-PRRT2 

After visually inspecting the top-ranked candidates for NaV1.2-PRRT2 complex, three 

assemblies displaying the correct topological orientation of PRRT2 were selected: model0, 

model3, and model4. Among these, two models (model0 and model3) feature interaction 

interfaces with VSDIV, while model4 exhibits association with VSDIII. Figure 59 presents 

model0, which is considered the most reliable candidate based on the internal scoring system 

of AF3. Despite the overall high pLDDT, indicating a conûdent prediction of the model structure, 

the Predicted Aligned Erorr (PAE) for PRRT2 is elevated, suggesting that the precise localization 

of PRRT2 in association with VSDIV remains uncertain. This high PAE underscores the need for 

further reûnement in determining the exact positioning of PRRT2 within the complex. 

4.5.2 NaV1.2- ³2- PRRT2 

 

Upon visually inspecting the top-ranked candidates for NaV1.2-³2-PRRT2 complex, only 

model2 (Figure 60) displayed the correct PRRT2 topological orientation, despite not being the 

highest-ranked candidate according to the AF358 internal scoring system. Although the pLDDT 

is high overall, the Predicted Aligned Error (PAE) for both PRRT2 and ³2 is low, suggesting 

relatively conûdent structural predictions for both interactors. The presence of ³2 does not 

appear to signiûcantly inûuence the reconstruction of the PRRT2-NaV1.2 interaction interface, 

which remains localized near VSDIV. It is important to note that, since this model is not the top-

ranked candidate and has a low EPE, the prediction cannot be considered with high 

conûdence. 
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Figure 59. AF3 Top Ranked Prediction for NaV1.2-PRRT2 complex. Extracellular (A) and lateral (B) views of 
NaV1.2-PRRT2 predicted interaction interface. Binding partners are colored by pLDDT. For clarity, highly 
unstructured regions of both proteins are not included in the image. 
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Figure 60. AF3 Top Ranked Prediction for NaV1.2- ³2-PRRT2 complex. Extracellular (A) and lateral (B) views of 
NaV1.2- ³2-PRRT2 predicted interaction interfaces. NaV1.2 is rendered as transparent cartoon for clarity; both the 
binding partners are colored by pLDDT. Highly unstructured regions of both proteins are not included in the 
image. 
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4.5.3 PRRT2-VSD Conûgurations Extraction and Structural Superimposition 

Following the examination of AF3-predicted assemblies for NaV1.2-PRRT2 and NaV1.2-³2-

PRRT2, PRRT2-VSD interaction interfaces were isolated. A total of four distinct binding surfaces 

were identiûed: three from the NaV1.2-PRRT2 complex (model0, model3, and model4), with two 

of them interacting with VSDIV (model0 and model3) and one interacting with VSDIII (model4). 

Additionally, one interaction interface was extracted from the NaV1.2-³2-PRRT2 

heteroassembly (model2), where PRRT2 establishes interactions with VSDIV. To further 

investigate the binding modes and assess any dissimilarities, particularly regarding the impact 

of ³2 on the NaV1.2-PRRT2 interaction interface, structural superimposition was performed. 

Model2 was aligned both to model0 and to model3 and the RMSD values resulting from these 

comparisons are presented in Table 26, while the corresponding superimpositions are shown 

in Figure 61. Taking into account both the internal ranking of AF358 and the structural 

superimposition results, model0 emerges as the most reliable representation of the AF3-

predicted PRRT2-VSD interaction interface. 

 
Structural Superimposition RMSD (Å) 

Model2-Model0 0.45 Å 
Model2-Model3 1.28 Å 

 
Table 26. RMSD Values Obtained from Structural Alignments of AF3 Predictions. PRRT2-VSDIV interaction 
interface coming from NaV1.2- ³2-PRRT2 heteroassembly is highlighted in green. 
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Figure 61. Structural Superimposition between AF3-derived PRRT2-VSD Interaction Interfaces. A, lateral (left) 
and extracellular (right) views of model2-model0 structural alignment. B, lateral (left) and extracellular (right) 
views of model2-model3 structural alignment. Interfaces are colored following the code reported in top left corner: 
model2 in light green, model0 in blue and model 3 in cyan. 
 

4.5.4 Comparing AF3-derived Interfaces with VSD-PRRT2 Clusters Centers 

 
To compare the AF3-derived interaction interfaces with those obtained from the cross-docking 

pipeline, structural superimpositions were performed. The resulting RMSD values from these 

alignments are provided in Table 2- Table 5 in Appendix C. The RMSD exhibits variability, ranging 

between 4 and 16 Å across the di;erent comparison groups, indicating varying degrees of 

structural deviation between the predicted binding interfaces. In light of the low PAE score, we 

do not assess AF3 results in isolation. Instead, we integrate them into our library, recognizing 
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that the observed deviations from the docking centers fall within their expected variability 

(Figure 49). This alignment enhances the reliability of AF358 predictions, allowing us to consider 

them as valuable contributions to our dataset rather than outliers. Consequently, this 

approach ensures a more comprehensive and robust representation of structural variability in 

our analysis. 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 



 166 

5. Discussion 
 
 
 
This chapter is organized into two subsections: in the ûrst section 5.1 the outcomes of 

permeation mechanisms in human voltage-gated sodium channels are discussed, covering 

both the data collected from standard all-atom molecular dynamics simulations and evidence 

returned by TAMD/OTFP FE calculations. The second section 5.2 examines the ûndings 

addressing the localization of NaV1.2-PRRT2 interaction interface.   

 

5.1 Mechanistic Features of Na+ Ions Permeation in Neuronal NaVs 

 
One of the core objectives of this Ph.D. thesis was the survey of factors assisting Na+ ions 

translocation through the pore domain of human neuronal voltage-gated sodium channels. To 

achieve this goal, atomistic MD simulations of human NaVs isoforms were performed, and FE 

calculations were carried out using the TAMD/OTFP methodology192,204,362. Before tackling the 

dynamics of permeation events, the structural integrity of both homology models and Cryo-EM 

structures employed in the simulations was evaluated, particularly focusing on the intrinsic 

breathing of the conductivity ûlter (Figure 25-Figure 26-Figure 27). Although previous 

simulations of bacterial voltage-gated sodium channels and grafted chimeras for eukaryotic 

channels NaVPaS and EeNaV1.4 were accomplished48,363, these structures su;ered from low 

resolution. The reason for this scarce quality is conducible to missing residues at the pore 

domain level, which are key players in permeation events45,363. No extensive atomistic sampling 

of human high-resolution proteins, encapsulating a qualitatively detailed conductivity ûlter, 

had been carried out before the work here illustrated and partially published in Alberini & al., 

2023. For this reason, topological assessments were considered instrumental to monitor the 

behavior of whole-channel conûgurations. This inspection revealed a high grade of structural 

conservation for the pore domain, whose time evolution, in all the trajectories, did not evidence 

signiûcative drifts (Figure 25; Figure 26). This outcome corroborated the reliability of the 

homology models used in this thesis, NaV1.1 NaV1.2 and NaV1.6, which indeed revealed a very 

similar behavior to the cryo-EM structure of NaV1.2, in the dynamics of the conduction cavity. 

In addition, the high sequence identity between ûlter layers of NaV isoforms made it possible to 
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study permeation by considering Na+ translocation events, in diverse channels, as equivalent 

phenomena (Figure 29; Figure 30). 

To delineate a common pathway followed by Na+, we inspected the interactions it established 

with selectivity ûlter layers, during its descent toward the intracellular gate. Pore domain 

occupancy rates were derived from standard MD simulations, which pointed out a preference 

for a single-ion residing into the conduction cavity in all the MD runs, even though double-and-

triple-ion states were spotted (Table 11, Figure 29). Multi-ion conûgurations had already been 

observed in MD simulations of bacterial voltage-gated sodium channels, in which the cations 

crowding, of the channel outer vestibular region, facilitated Na+ ions in crossing the DIEIIKIIIAIV 

locus and in reaching, consequently, the deepest area of the pore38,39,46,48,363. In the cumulative 

sampling presented, multi-ion occupancies were signiûcatively fewer than single-ion states, 

suggesting that although possible, even in human channels, these events are much more 

infrequent (Table 11). Notably, an extension of the conûgurational sampling provided for NaV 

channels, could assist a better elucidation of multi-ion permeations. For this reason, 

correlating double-and-triple-ion states with diverse permeation mechanisms is far beyond the 

scope of this work, which focuses on single Na+ translocations. 

It is to mention that, in all the simulations illustrated, the DIEIIKIIIAIV ûlter hosted a positively 

charged lysine, the most populated lysine state found at neutral pH. Many investigations, 

including numerous mutagenesis studies, clariûed the core importance of charged lysine for 

determining either cation selective permeation or Na+/K+ selectivity in NaVs, even though an 

unambiguous model explicating how these screenings are performed is still missing45,46,364. 

Lysine is supposed to constrain the pore diameter at the DIEIIKIIIAIV locus by interacting both with 

the aspartic and glutamic acids located in domains DI and DII, respectively. The interaction 

network in generation better accommodates Na+, since its coordination necessities are more 

suitably satisûed. Moreover, it is presumed to compete with Na+ for binding the carboxylate 

moieties of D/E residues, due to the strong Lewis acid nature of the cation46,47.  

To better clarify the most populated states sampled during atomistic unbiased trajectories, 

either for the Na+ ion or for K1422, and to correlate them with the preferred ûlter occupancy, 

averaged � coordinates were extrapolated. The resulting histograms indicate that a single Na+ 

ion predominantly resides in the lower portion of the selectivity ûlter, below the DIEIIKIIIAIV motif 

and nearby the inner carbonyl rings. This ûnding correlates with the position of Na+ in the 

selectivity ûlter9s inner zone obtained via MD simulations of cryo-EM NaV1.2, NaV1.4 and 
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NaV1.7363. In contrast, the sidechain of K1422 interacts with the negatively charged residues of 

the DIEIIKIIIAIV locus. This networking might obstruct the passage of other alkali ions coming from 

the extracellular milieu (Figure 28). It is to note, however, that the coordinates for these 

residues deviate from the ones reported in PDB ID: 6J8E for the single Na+ ion35. Importantly, the 

conductivity ûlter occlusion operated by the ¿-conotoxin KIIIA in this cryo-EM structure, hinders 

direct comparison with the computational investigations here described.  

 

To unveil the thermodynamics of single Na+ permeation, averaged maps for FESs were obtained 

from TAMD/OTFP192,204,362 simulations (Figure 39). These runs featured the pore-only 

conûguration of the cryo-EM NaV1.2, accounting for a single Na+ ion conûned into the 

conduction cavity, whose dynamics was monitored via employing three di;erent force ûelds: 

CHARMM36m154, AMBERFf14SB330, and OPLS-AA156 (Figure 31-Figure 38). Moreover, using the 

string method, minimum free energy pathways (MFEPs) for each FES were extrapolated to 

delineate the energy barriers encountered by Na+ and the metastable states explored by K1422 

during the accelerated sampling (Figure 41). The outputted maps for the CHARMM36m154 and 

OPLS-AA156 force ûelds (Figure 39-Figure 41) are in accordance with evidence presented in 

Alberini et al., 2023 detailing a common permeation mechanism: Na+ is hooked by amino acids 

located into the outer vestibular region, where the EIEIIDIIIDIV layer is found. At this level, the 

K1422 sidechain ûnds itself in the downward conformation, pointing toward the carbonyl rings 

located beneath the DIEIIKIIIAIV locus (Figure 40,A). While the cation slides near the DIEIIKIIIAIV 

ûlter, K1422 sidechain progressively transitions into its upward conûguration. During this 

movement, a charge-and-dimensionality screening is performed on Na+, leaving enough space 

to the cation for progressing its descent into the pore cavity. K1422 reorganizes its interaction 

shell to stabilize itself into the upward conûguration, until Na+ ion reaches the intracellular 

compartment (Figure 40,B). This reconstruction is consistent with the role of the positively 

charged lysine explicated in 46,47,365,366 and with the pass-by mechanism proposed in 364. The FES 

and MFEP for the AMBERFf14SB330 force ûeld diverge from FE proûles for the other two force 

ûelds (Figure 39-Figure 41). Similarly, the mapped FE minima disagree with the cation 

translocation pathway and the interplay between K1422 and Na+ described above, remarking a 

diverse behavior for this force ûeld. The conûicting results provided by CHARMM and AMBER 

force ûelds have been addressed in a recent investigation that revealed signiûcant di;erences 

in the relative probabilities of conductive and occluded conûgurations in the selectivity ûlter of 
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the KcsA channel according to the selected parameters367. Furthermore, multiple studies have 

delved into the nuances of this topic. Piana & al., conducted a comprehensive examination of 

various AMBER force ûelds along with a modiûed C22 force ûeld, focusing on the reversible 

folding of the miniprotein villin headpiece368. Their ûndings indicated that the folding 

mechanism and the characteristics of the unfolded state are contingent upon the speciûc force 

ûeld applied. Similarly, Best and Mittal analyzed the folding free energy (FE) landscape of the 

GB1 hairpin using several AMBER and OPLS force ûelds369. They observed that while the folded 

fractions at room temperature were consistent across all force ûelds, the residual secondary 

structure in the unfolded state showed notable di;erences. Additionally, they reported that the 

unfolded states were more compact than expected when compared to FRET data369. This 

phenomenon of overly compact unfolded states was also identiûed in studies of the cold shock 

protein CspTm with a variant of the AMBER force ûeld and the acid-unfolded state of the helix-

based protein ACBP using a modiûed C22 force ûeld370. Chen et al., 2015 employed explicit-

solvent replica-exchange molecular dynamics simulations (REMD) to contrast the 

conûgurational oscillations detected in the dynamics of disordered peptide fragments 

operated with AMBER and CHARMM force ûelds (AMBER;99SB-ILDN, CHARMM22/CMAP, and 

CHARMM36). The data they provided indicate that the three force ûelds produce comparable 

predictions for the general properties of the unfolded states. However, they diverge in certain 

ûner details, particularly in how the residual structures resemble the native state and in the 

nature of the interactions between the molecules371. Overall, these ûndings underscore the 

signiûcant variability in force ûeld behavior, particularly when the AMBER force ûeld is utilized. 

These discrepancies suggest that the choice of force ûeld can notably inûuence the predictions 

made about molecular systems, especially in the context of ion channels and protein folding. 

The studies reviewed, reveal that CHARMM, AMBER and OPLS force ûelds yield not only 

qualitative incompatibilities in folding mechanisms and in the description of unfolded states 

but also diversities in more subtle structural and dynamical features. As a matter of fact, the 

overly compact nature of unfolded states in AMBER-based simulations and the di;ering 

permeating and occluded conûgurations visited for the KcsA channel367 demonstrate the 

necessity of considering force ûeld-speciûc nuances when modeling complex biological 

systems, since the discrepancies in simulated behaviors could lead to divergent 

interpretations of molecular mechanisms. 
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5.2 Mapping NaV1.2-PRRT2 Transmembrane Interaction Interface  

 
The other main aim of this Ph.D. thesis was the detection of the binding interface in generation 

between NaV1.2 and its negative modulator: the proline-rich transmembrane protein 284,86,89. To 

achieve this goal, a multi-scale computational pipeline was speciûcally designed to address 

and overcome the present limitations for transmembrane heteromeric assemblies Modeling.  

The lack of an experimentally-resolved structure for PRRT2 was addressed via ab-initio 

Modeling of the full-length wild-type protein using the Robetta webserver84,339. Later, PRRT2-

TMD underwent conformational reûnement via atomistic MD simulations carried out in the 

microsecond time-scale, to assess its topological integrity86. Indeed, available MD data, 

concerning the structural stability for PRRT2 transmembrane region, featured an extremely 

limited sampling, which was insu;icient for concluding structural solidity81. Molecular 

dynamics has been instrumental in the geometrical optimization of protein models, and it is 

considered a gold-standard methodology in molecular Modeling pipelines3723374. An extensive 

conûgurational sampling was gathered both for PRRT2 wild-type construct and for a group of 

pathogenetic variants, accounting for single point mutations in the TMD86,375. All the MD runs 

highlighted optimal topological conservation, substantiating the robustness of the proposed 

model (Figure 45-Figure 46; Table 22-Table 23). Despite the Robetta server327 being a well-

regarded predictor in the ûeld of protein Modeling, recent years have seen the rise of machine-

learning-integrated algorithms that deliver superior performance291,300. To further validate the 

reliability of the TMD model used in this study, pairwise comparisons were conducted (Figure 

42; Table 20-Table 21). The structural predictions of AlphaFold256 (AF2) , ESMFold340, and 

AlphaFold358 (AF3) were each compared against the one coming from the Robetta server327. 

These advanced predictors di;er in their approaches: AF256 and AF358 leverage deep learning 

techniques to achieve high accuracy, with AF358 incorporating additional training data and an 

improved architecture over AF256. ESMFold340 utilizes transformer-based models, optimized for 

sequence-to-structure mapping. Despite these methodological divergencies, the results from 

all predictors were comparable, displaying an almost equivalent secondary structure 

assignment for PRRT2-TMD and the same topology for the four predicted proteins (Figure 42; 

Table 21). These consistent outcomes not only reinforced the credibility of the TMD model 

employed but also provided a solid foundation for advancing to subsequent computational 

analyses with conûdence. 
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The generation of binding modes for the PRRT2-NaV1.2 complex encountered signiûcant 

challenges due to the lack of homologous assemblies in structural databanks and the absence 

of experiment-derived spatial restraints for the binding site. These limitations were managed 

through a series of steps in the workûow illustrated. Despite the impressive performance of 

advanced machine learning and deep learning algorithms, such as AF256 and AlphaFold-

Multimer, these tools were unable to accurately reconstruct the heterocomplex under 

investigation56,57. 

The primary reason for this shortcoming lies in the inherent di;iculty of extracting features 

necessary for predicting protein-protein interactions in complexes that lack homologous 

structures in existing structural databases302,376. Machine learning models, including those 

used by AF256, rely heavily on evolutionary information and structural templates to generate 

accurate predictions. When homologous structures are absent, the algorithms struggle to 

identify the key interaction features, leading to less reliable predictions291,377. 

Additionally, the size of the assembly presents another signiûcant hurdle. Longer primary 

sequences increase the complexity of the prediction task, as they require more computational 

resources and are more prone to errors in the folding process290. This complexity is further 

compounded by the dynamic nature of the membrane environment in which the PRRT2-NaV1.2 

interaction occurs. Membrane proteins are inûuenced by the lipid bilayer, which a;ects their 

conformation and interaction dynamics378,379. Current predictive models, including AlphaFold2 

and its derivatives, are not fully equipped to account for these membrane-speciûc dynamics, 

which are crucial for accurately modeling the interaction interface of intrinsic complexes. 

Therefore, the absence of homologous structures and the unique challenges posed by 

membrane environments highlight the limitations of current AI-based predictive tools in this 

context. These factors necessitate the use of specialized docking and reûnement techniques, 

as later discussed, to achieve a more reliable representation of the heteroassembly. By 

incorporating steps to address these limitations, the workûow aims to compensate for the gaps 

left by state-of-the-art protein interactions predictors, ensuring a more accurate modeling of 

the PRRT2-NaV1.2 binding interface. 

Via performing coarse-grained (CG) MD simulations using the Martini2.2 force ûeld157, 

spontaneous associations between PRRT2-TMD and the cryo-EM NaV1.2 were investigated, 

therefore attempting to restrain the search space for the interaction site. Martini2.2 has been 

found to perform adequately for a wide range of simulations, especially for lipid bilayer 
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systems, where its bead types (polar, nonpolar, charged) are considered simpler with respect 

to Martini3.0 beads, but are undoubtedly e;ective in ensuring an optimal balance between 

accuracy and computational feasibility157,380. These simulations revealed that the complexation 

between the binding partners was circumscribed to the voltage sensor domains9 interface, with 

no events involving the pore region of the channel (Figure 47). NaV channels VSDs appear to be 

an ideal binding platform for various interactors, among them NaV� subunits, probably due 

both to the larger interface area they expose to the solvent and to their functional role in 

modulating channel biophysical properties74. Data collected from CG-MD simulations 

consented to theorize a direct interaction between NaV1.2 and PRRT2. This assumption led to 

operate a pre-docking virtual fragmentation of NaV1.2, which was disaggregated in its 

constituent domains. The pore domain was not regarded as a putative binding interface in this 

pipeline, whereas VSDs were equally categorized as independent, potential binding surfaces 

for PRRT2-TMD. The generation of binding modes for the heteroassembly encompassed setting 

up a cross-docking strategy, which requested the extraction of representative structures for 

both the interactors: 5 PRRT2-TMD and 72 VSDs (18 for every VSD) conûgurations were 

selected, via MD trajectories frames partitioning. Later, they were combined using three 

di;erent docking servers: LZerD246,252,253,350, HDOCK242, and ClusPro240,351. The utilization of 

diverse software, for performing protein-protein docking simulations, ensured an exhaustive 

exploration of the conformational landscape for both the receptor and the ligand (Figure 23), 

meanwhile accelerating the binding modes ensemble generation, by parallelizing calculations.  

It has been demonstrated that, the combination of multiple docking software delivers more 

precise outcomes317,381. This is particularly evident either when dealing with di;icult targets, 

such as large heterocomplexes, or when no positional restraints are available to limit the 

binding site search space. The promising results returned by LZerD246,252,253,350, HDOCK242, and 

ClusPro240,351during CASP-CAPRI rounds278,382 found conûrmation in the high-quality docking 

poses they provided while proûciently mapping the external accessible surface of  NaV1.2 VSDs 

(Figure 48).  

At the time this investigation was undertaken, the absence of specialized docking programs 

designed for transmembrane proteins represented a signiûcant gap in the ûeld of membrane 

protein interaction prediction. The lack of such tools notably hindered the accurate Modeling 

of protein-lipid interactions, which are critical for the correct interpretation of binding modes in 

membrane environments378,379. To obtain more reliable and accurate docking results, the 
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development and implementation of software speciûcally tailored for membrane protein 

docking is essential. Such programs must account for the complex structural and dynamic 

nature of membrane proteins and the surrounding lipid bilayer, ensuring that protein-protein 

and protein-lipid interactions are more precisely described369. In the work here presented, 

e;orts were made to address this challenge by approximating the contribution of the 

phospholipid bilayer to the docking process. This was achieved by clustering representative 

conûgurations of the protein-protein interactors, both of which were embedded within a POPC 

bilayer during MD simulations. These simulations allowed for the capture of key membrane-

protein interactions and provided a more realistic environment for docking studies. 

Furthermore, to enhance the accuracy of the resulting docking poses, a post-docking 

processing stage was implemented. During this stage, poses that were topologically 

inconsistent with the embedding into the membrane environment were excluded, attempting 

to ensure that only biologically plausible interactions were retained. Speciûcally, the PRRT2-

VSD binding modes were carefully superimposed onto the whole-NaV1.2 structure extracted 

from the MD trajectory, further reûning the docking results by incorporating the spatial 

constraints imposed by the membrane environment. Exploiting multiple docking servers in 

computational studies o;ers signiûcant advantages and, at the same time, poses remarkable 

challenges277,383. On the one hand, utilizing diverse docking software enhances the reliability of 

the predictions by gathering a broader range of possible binding modes, thus reducing the 

biases inherent to any single algorithm384,385. However, each server employs its own internal 

scoring function, which can lead to discrepancies in the ranking of top candidates. This 

variation in scoring systems complicates the quality evaluation, as the most highly ranked 

modes on one server may not align with those of another. The decision to employ multiple 

docking programs in this work stems from the need to explore the binding mode landscape as 

thoroughly as possible, particularly due to the lack of experimental spatial descriptors for the 

interaction interface. This approach aligns with the consensus docking strategy, which has 

been successfully applied in previous studies317,3843389. By aggregating the top-ranked poses 

from di;erent servers, the ûnal ensemble is optimized, enhancing the identiûcation of 

biologically relevant conformations while reducing the risk of including false-positive poses, or 

docking decoys, that may arise from individual server biases. 

To further reûne the representative conformations of the PRRT2-NaV1.2 heterocomplex, an 

energy optimization was performed using the ReûneComplex plug-in of the GalaxyWeb 
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server353,352,390. This optimization aimed to maximize the interface area between the interactors 

and resolve any steric clashes introduced during the initial protein-protein docking simulations 

(Figure 24). The energy reûnement process is crucial in modeling pipelines, particularly in 

multi-scale approaches that include docking, as it improves the accuracy and reliability of the 

predicted complexes. By optimizing the interactions at the interface, the reûnement process 

ensures a more realistic representation of the binding conformation, which is essential for 

subsequent analyses and applications353,352,390. During docking simulations, approximations 

and simpliûcations can introduce steric clashes and suboptimal interactions that need to be 

resolved239. Reûnement processes, such as the one performed using ReûneComplex, address 

these issues by adjusting the side chains and, when speciûed, the backbone of the proteins to 

achieve a more favorable interaction geometry. This step is essential for minimizing false 

positives and ensuring that the ûnal model is as close to the natural, biologically active 

conformation as possible381,391. 

The resulting geometrically optimized conûgurations returned by ReûneComplex procedure did 

not exhibit high backbone root-mean-square deviation (RMSD) values compared to the non-

optimized structures (Figure 50). This indicates that no major backbone rearrangements were 

operated, and that side chain repacking was su;icient to increment the interface area43,342,380. 

The minimal changes in backbone RMSD conûrm the e;ectiveness of the reûnement process 

in maintaining the overall structural integrity of the complex while enhancing the interaction 

interface (Figure 50). 

To further elucidate the interactions between PRRT2 and the VSDs of NaV1.2, a contact analysis 

was performed using the COCOMAPS web server355. The analysis aimed to identify the speciûc 

amino acids in the VSDs that interact with PRRT2-TMD (Figure51-Figure54). This step is crucial 

as it provides a foundational dataset for a detailed statistical analysis, which focuses on the 

frequency and signiûcance of these interactions in the reûned docking poses. 

The contact analysis involved calculating the number of atomic contacts each VSD residue 

made with PRRT2, allowing for the creation of a hierarchical ranking of residues, based on their 

interaction frequency (Figure55-Figure58). This ranking facilitates the identiûcation of 

interaction hot regions with a high density of contact points. These hot spots were then 

structurally mapped onto the 3D models of the NaV1.2 VSDs, revealing clusters of residues that 

are likely critical for binding (Figure55-Figure58). Hot spots are typically characterized by their 

high binding energy contribution and are often conserved across di;erent proteins and species, 
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underscoring their functional importance220,222,224. By pinpointing these critical regions, 

researchers can gain insights into the binding mechanisms and speciûcity of the 

interactions226,392. Furthermore, understanding the role of these hot spots can inform the design 

of mutagenesis experiments to validate the predicted interactions, as well as aid in the 

development of therapeutic strategies targeting these key regions226,227. 
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6. Conclusions and Future Directions 
 
 

The research conducted in this Ph.D. thesis has provided signiûcant advancements in the 

understanding of permeation mechanisms in human voltage-gated sodium channels (NaVs) 

also providing a clearer picture for the plausible localization of the interaction interface 

between NaV1.2 and PRRT2. The outcomes of this work have made substantial contributions to 

the ûeld, leveraging advanced computational techniques and o;ering novel insights into the 

structural and functional dynamics of these critical biomolecular systems. 

The detailed atomistic molecular dynamics (MD) simulations and free energy (FE) calculations 

using the TAMD/OTFP methodology have elucidated key mechanistic features of Na+ ion 

permeation through human neuronal NaVs. The structural integrity and comparable behavior of 

the homology models and cryo-EM structures of NaV1.1, NaV1.2, and NaV1.6 were thoroughly 

validated, ensuring the reliability of the simulation results. The high degree of structural 

conservation observed in the pore domain, across these isoforms, underscores the robustness 

of the models used49. 

Signiûcantly, this research highlights the preference for single-ion occupancy within the 

conduction cavity of NaV channels, with multi-ion conûgurations being infrequent. This ûnding 

reûnes our understanding of ion translocation events, which were previously explored 

predominantly in bacterial sodium channels38,39,48. The role of the lysine residue (K1422) in 

modulating the pore diameter and facilitating Na+ permeation through interactions with 

aspartic and glutamic acids was also clariûed, providing a detailed picture of the molecular 

interactions at play47,49,364. 

The FE maps and minimum free energy pathways (MFEPs) generated for di;erent force ûelds 

(CHARMM36m154, AMBERFf14SB330, and OPLS-AA156) revealed a consistent permeation 

mechanism for CHARMM36m154 and OPLS-AA156, characterized by a charge-and-

dimensionality screening process involving K1422. In contrast, the AMBERFf14SB330 force ûeld 

showed divergent behavior, emphasizing the importance of force ûeld selection in 

computational studies of ion channels. These ûndings contribute to a deeper understanding of 

the thermodynamics and kinetics of Na+ permeation, a critical event for the propagation of 

electric signals at the synapse1,4,20,25. 
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The investigation regarding PRRT2-NaV1.2 interaction interface addressed the challenges 

posed by the lack of experimentally resolved structures and homologous templates. The multi-

scale computational pipeline developed, including ab-initio modeling, both extensive 

atomistic and CG-MD simulations and advanced docking strategies, has successfully derived 

putative hot spots, driving the generation of the binding interface between these proteins. The 

spontaneous association studies using coarse-grained MD simulations with the Martini2.2 

force ûeld157 pinpointed the voltage sensor domains (VSDs) as the primary interaction site, 

excluding the pore region. This localization is consistent with the role of VSDs in modulating 

channel properties and their exposure as potential binding platforms74. 

The use of multiple docking servers (LZerD246,252,253,350, HDOCK242, and ClusPro240,351) and the 

subsequent energy optimization via the ReûneComplex plug-in ensured a comprehensive 

exploration and reûnement of the proposed binding modes for the heteroassembly.  

The detailed contact analysis performed with COCOMAPS355 provided a hierarchical ranking of 

VSD residues based on their interaction frequency with PRRT2-TMD, identifying key interaction 

hot spots. These ûndings enhance our understanding of the molecular basis of NaV1.2 

modulation by PRRT2 and lay the groundwork for future experimental validations and 

therapeutic targeting86,89. 

 

Future experiments will build upon the insights gained from the single Na+ ion permeation 

studies by integrating results from TAMD/OTFP FE calculations192,362 that account for a ûlter 

conûguration hosting two cations (OTFP2 conûgurations, Figure 62)49. This approach will 

involve generating free energy surfaces (FESs) and extracting minimum free energy pathways 

(MFEPs) using the string method to identify potential variations in the mechanisms governing 

single and double ion translocation events. The simulations for the double ion state will employ 

the same three force ûelds used in this study4CHARMM36, AMBER, and OPLS-AA4to further 

inspect the behavior of these force ûelds in modeling permeation in human voltage-gated 

sodium channels. Comparing the data obtained from these simulations will be instrumental in 

elucidating the di;erences in force ûeld performance and in providing a more comprehensive 

understanding of Na+ permeation.  
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Figure 62. Equilibrated OTFP2 Conûguration. A, Snapshot of OTFP2 cryo-EM NaV1.2 pore extracted at the end of 
the equilibration stage. The system is embedded into a POPC bilayer, here displayed as blue-white transparent 
sticks. NaV1.2 pore domain repeats are shown as cartoon with DI in grey, DII in yellow, DIII in green and DIV in cyan. 
Sodium and chloride ions are depicted as spheres and colored in light orange and lilac, respectively, Sodium ions 
residing in the conductivity ûlter are rendered as bigger orange spheres. B, focus on the DIEIIKIIIAIV locus, DIV was 
hidden for clarity. Selectivity ûlter amino acids are represented as stick and spheres. The nitrogen atom of K1422 
side chain is illustrated as a blue sphere. Lipid chains as well as solvent counterions were hidden.  

 

The identiûed hot spots, at the PRRT2-NaV1.2 interaction interface, will serve as a foundation 

for extensive screening through alanine mutagenesis experiments315,318. Single point mutations 

will be introduced in correspondence to the voltage sensor domain (VSD) positions predicted 

to drive the interaction interface, reverting them to alanine. This experimental approach aims 

to perturb the interaction interface, potentially altering the modulation exerted by PRRT2 on 

NaV1.2. By mapping the resulting changes in modulation, it will be possible to pinpoint critical 

residues and interaction sites, thereby validating and reûning the computational 

predictions226,315.  

Furthermore, to rigorously test the role of the identiûed hotspots, FE calculations will be 

conducted. Starting from the representative conûgurations of PRRT2-VSDs, the =geometrical 

route= technique will be applied (Figure 63)3933395. This method involves separating the two 

proteins, starting from a speciûc binding pose, in the presence of geometric restraints to limit 

variations in their conformations and relative orientation. The absolute binding free energy (FE) 

will be obtained by explicitly considering the contribution of all restraints. This strategy is 

particularly suited for comparing FE values across multiple putative poses, di;ering in the 

relative orientation and conformation of the binding partners. Utilizing any FE or potential of 
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mean force (PMF) calculation method within the geometrical route framework has proven 

e;ective in previous applications, making it an ideal approach for this study3933395. 

 

 

Figure 63. Lateral (A) and Extracellular (B) Views of Equilibrated VSDI-PRRT2 Assembly. The system was 
embedded into a double POPC bilayer and equilibrated. Alkyl chains of lipid molecules are displayed as blue-
white transparent sticks, while phosphorous atoms of hydrophilic heads are shown as light orange spheres. Water 
molecules are rendered as cyan transparent sticks, while sodium and chloride ions are presented as orange and 
lilac spheres, respectively. The heteroassembly is portrayed as cartoon: VSDI is colored in grey, while PRRT2-TMD 
in blue. Equilibrated conûgurations of structural representatives for VSDs-PRRT2 complexes will be the reference 
systems for performing FE calculations.  

 

The outcomes of this research have substantially advanced the ûeld of ion channel biophysics 

and protein-protein interaction modeling. The methodologies developed and the insights 

gained from this work provide a robust framework for further investigations into the dynamics 

of NaVs and their interactions with regulatory proteins. 

Future research can build on these ûndings by exploring the implications of multi-ion 

permeation in di;erent physiological and pathological contexts, and by extending the 

computational pipeline to other ion channels and interacting partners. Additionally, the 

integration of machine learning techniques with traditional computational methods holds 

promise for further reûning the accuracy of protein interaction models and expanding our 

understanding of complex biomolecular systems. 

 

In conclusion, this thesis has made signiûcant strides in uncovering the mechanistic and 

structural intricacies of Na+ permeation and NaV1.2-PRRT2 interactions, thereby contributing 

valuable knowledge to the ûeld and opening new avenues for research and therapeutic 

development. The protocol, introduced for pinpointing hot spots at the PRRT2-VSDs interfaces, 

speciûcally addresses the knowledge gap in protein interaction prediction within the 



 180 

membrane, marking a substantial advancement in the ûeld. This represents a signiûcant 

progress, as it provides a targeted approach to understanding and manipulating these complex 

biomolecular interactions, paving the way for future experimental validation and therapeutic 

targeting. 
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7.Appendix A 

 

 

Free Energy (FE) Surfaces for TAMD/OTFP Calculations 
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Figure 1. FESs of Na+ Permeation for CHARMM36m Simulations. The x- and y-axis represent the selected 
collective variables: the z-coordinates of the Na+ ion and the K1422 ammonium nitrogen, respectively. The bars 
ûanking each graph indicate FE variations in kcal/mol. 
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Figure 2. FESs of Na+ Permeation for AMBERFf14SB Simulations. The x- and y-axis represent the selected 
collective variables: the z-coordinates of the Na+ ion and the K1422 ammonium nitrogen, respectively. The bars 
ûanking each graph indicate FE variations in kcal/mol. 
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Figure 3. FESs of Na+ Permeation for OPLS-AA Simulations. The x- and y-axis represent the selected collective 
variables: the z-coordinates of the Na+ ion and the K1422 ammonium nitrogen, respectively. The bars ûanking each 
graph indicate FE variations in kcal/mol. 
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Figure 4. FESs of Na+ Permeation for OPLS-AA (without the Lennard-Jones Correction) Simulations. The x- and 
y-axis represent the selected collective variables: the z-coordinates of the Na+ ion and the K1422 ammonium 
nitrogen, respectively. The bars ûanking each graph indicate FE variations in kcal/mol. 
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8.Appendix B  

 

 

Mutation Atlases for NaV1.2 Voltage-Sensor Domains 
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Figure 1 and Table 1. Mutation Atlas for NaV1.2 VSDI. Alpha-carbons of pathogenetic mutation spots are mapped 
onto Cryo-EM NaV1.2 VSDI and portrayed as red spheres. Channel domains are depicted as transparent cartoon 
and colored as usual. The following disorder abbreviations were used: DEE11 = developmental and epileptic 
encephalopathy-11; BFIS = benign familial infantile seizures; BFNS= benign familial neonatal seizures; BNS = 
benign neonatal seizures; WS = West syndrome. 
 
 
 

Residue Mutation Disorder 

N132 K DEE11 

M136 I DEE11 

E169 G DEE11 

R188 W BFIS3 

W191 C DEE11 

A202 V BFNS 

F207 S BNS 

V208 E BFIS3 

G211 D DEE11 

N212 D DEE11 progressing to WS 

V213 D DEE11 

T218 K DEE11 

R220 G DEE11 

R223 Q BFIS3 

T227 I WS 
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Figure 2 and Table 2. Mutation Atlas for NaV1.2 VSDII. Alpha-carbons of pathogenetic mutation spots are 
mapped onto Cryo-EM NaV1.2 VSDII and portrayed as red spheres. Channel domains are depicted as transparent 
cartoon and colored as usual. The following disorder abbreviations were used: DEE11 = developmental and 
epileptic encephalopathy-11; LGS = Lennox-Gastaut syndrome; OS = Ohtahara syndrome; BNS = benign neonatal 
seizures; WS = West syndrome. 

 
 

Residue Mutation Disorder 

T773 I DEE11 

G828 V BNS 

R853 Q DEE11 
WSàLGS 

TS 

R856 L 
Q 

DEE11 
OS 

S863 F BNS 
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Figure 3 and Table 3. Mutation Atlas for NaV1.2 VSDIII. Alpha-carbons of pathogenetic mutation spots are 
mapped onto Cryo-EM NaV1.2 VSDIII and portrayed as red spheres. Channel domains are depicted as transparent 
cartoon and colored as usual. The following disorder abbreviations were used: DEE11 = developmental and 
epileptic encephalopathy-11; BFIS = benign familial infantile seizures; WS = West syndrome; LGS = Lennox-
Gastaut syndrome. 

 
 
 
 
 
 
 
 

Residue Mutation Disorder 

E1211 K 
K 

DEE11 
WSàLGS 

G1223 R Other 

R1235 * Other 

K1260 E 
Q 

DEE11 
DEE11 

I1281 F WSàLGS 

V1282 F Schizophrenia 

K1312 T DEE11  
A1316 V DEE11 

R1319  Q 
W 

BFIS3 
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Residue Mutation Disorder 

G1522 A DEE11 
EA9 

V1528 C LGS 

Q1531 K BFIS3 
BNS 

S1536 R Other 

M1545 V EIMFS 

M1548 T 
V 

DEE11 
OSàWS 

L1563 V BFIS3 

Y1589 C BFIS3 

G1593 R DEE11 

I1596 S BFIS3 

F1597 L EIMFS 

P1622 S MAE 

T1623 N  DEE11 à WS 
OS, EE 

V1627 M EIMFS 

R1629 L 
H 

DEE11 
Other 

EE 

G1634 V 
D 

DEE11 
EA9 

I1640 S Other 

K1641 N BFIS3 
 
 
Figure 4 and Table 4. Mutation Atlas for NaV1.2 VSDIV. Alpha-carbons of pathogenetic mutation spots are 
mapped onto Cryo-EM NaV1.2 VSDIV and portrayed as red spheres. Channel domains are depicted as transparent 
cartoon and colored as usual. The following disorder abbreviations were used: DEE11 = developmental and 
epileptic encephalopathy-11; BFIS = benign familial infantile seizures; EA = Esophageal atresia; BNS = benign 
neonatal seizures; EE = epileptic encephalopathy; EIMFS = epilepsy of infancy with migrating focal seizures; LGS 
= Lennox-Gastaut syndrome; OS = Ohtahara syndrome; W 
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9.Appendix C 
 

 

Employing AlphaFold Architectures for Protein-Protein Interactions Modeling 

 

9.1 Initial attempts at Modeling NaV1.2-PRRT2 Assembly using AlphaFold2-

Multimers  

 
NaV1.2-PRRT2 complex reconstruction was performed using AF2-multimer57 via the COSMIC 

web interface. The primary sequences of both interactors were used as input for the AF2-

multimer model, spanning the amino acid sequences M1-K2005 for NaV1.2 and M1-K340 for 

PRRT2, respectively. 

The top ûve ranked predictions for the assembly were visually inspected using PyMOL337, and 

the best candidate4based on the AF2-multimer57 ranking score4is displayed in Figure 1. High 

pLDDT scores were assigned to NaV1.2 amino acids, while PRRT2 presents pLDDT scores < 70. 

Intrinsically disordered protein regions, characterized by higher prediction uncertainty), have 

been hidden for clarity. 

The AI model fails to accurately reconstruct the interaction interface. Speciûcally, PRRT2 is 

positioned horizontally relative to the membrane normal, contradicting experimental evidence 

regarding its topology. As a matter of fact, experimental data indicate that PRRT2 possesses an 

extracellular C-terminus and an intracellular N-terminus, which deûne a speciûc orientation 

for this protein, implying that it spans the phospholipid membrane bilayer. These discrepancies 

underscored the limitations of AF2-multimers57 in accurately capturing the structural and 

topological constraints of membrane-associated proteins, highlighting the necessity for the 

development of an integrative pipeline capable of incorporating diverse computational 

techniques to return high quality predictions.   
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Figure 1. AF2-multimers Failed Prediction for NaV1.2-PRRT2 Complex. Extracellular (A) and lateral (B) views of 
the assembly. Interactors are colored by pLDDT following the color code reported on top left. pLDDT scores for 
each residue are plotted in the blue graph in the top right corner. 

 

9.2 Benchmarking the AlphaFold3 Protein Structure Prediction System  

 
The primary sequences of NaV1.2, NaV1.6, NaV1.7, ³1 and ³2 were obtained from the UniProtKB 

database309 and served as inputs for the AF3 server58. Details on the AF3 architecture are 

provided in section 4.5. 

The following complexes were reconstructed to benchmark the model performance:  

• NaV1.2- ³2 (Ig-like domain only) 
• NaV1.2- ³2 (full chain) 
• NaV1.6-³1 
• NaV1.7-³1-³2. 

 
The predicted structures, depicted in Figure 2, Figure 3 and Figure 4 were visually inspected 

with PyMOL337 and later superimposed to the corresponding experimentally resolved entries 

(PDB ID: 6j8e, PDB ID: 8fhd and PDB ID: 7w9k, respectively. See Table 1). AF358 models present 

a majority of aminoacidic strings characterized by high pLDDT scores (pLDDT >70), which are 

indicative of a good grade of local reliability. Predicted Aligned Error (PAE) graphs ûank the 
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three-dimensional predicted structures. The x- and y-axis in PAE plots report the residue 

indices, each of which is coupled to di;erent color intensities, based on the magnitude of the 

PAE (in Å): the darker the shade, the lower the deviation from the true atomic coordinates. The 

central diagonal line reflects self-pairing of residues, while off-diagonal regions indicate spatial 

relationships between distant residues in the sequence.  

The RMSD values resulting from the structural superimposition between AF358 predicted 

models and experimentally resolved structures are reported in Table 1. 

 
Structural Alignment RMSD (Å) 

AF3 predicted structure 3 PDB ID: 6j8e* 0.83 
AF3 predicted structure 3 PDB ID: 8fhd 0.94 
AF3 predicted structure 3 PDB ID: 7w9k 0.89 

 
Table 1. RMSD Values Resulting from Structural Superimpositions. Experimentally resolved structures are 
indicated with their RCSB PDB IDs. For the starred ID the RMSD value reported refers exclusively to the 
superimposition of AF3 prediction of NaV1.2-³2 (Ig-like domain only) and the corresponding cryo-EM structure. 

 
 
AF358 predictions for the heterocomplexes demonstrate strong model performance, as 

evidenced by several key indicators. The high pLDDT scores suggest that the models are 

predicted with a high degree of conûdence and accuracy. PAE graphs further corroborate this, 

showing predominantly darker shades. Additionally, the RMSD values of less than 1 Å between 

the predicted models and their true atomic coordinates a;irm the structural ûdelity of the 

predictions. Overall, these results indicate that the AF358 models yield highly accurate and 

structurally reliable representations of heteromeric assemblies. 
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Figure 2. Structural Superimposition between AF3 Predicted Model for NaV1.2-³2 and PDB ID 6j8e. 
Extracellular (A) and lateral (B) views of NaV1.2- ³2 (full-chain). AF3 predicted assembly is colored by pLDDT, while 
the reference Cryo-EM structure is rendered in grey. In both panels, unstructured regions were hidden for clarity.  
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Figure 3. Structural Superimposition between AF3 Predicted Model for NaV1.6-³1 and PDB ID 8fhd.  
Extracellular (A) and lateral (B) views of NaV1.6- ³1. AF3 predicted assembly is colored by pLDDT, while the 
reference Cryo-EM structure is rendered in grey. In both panels, unstructured regions were hidden for clarity.  
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Figure 4. Structural Superimposition between AF3 Predicted Model for NaV1.7-³1- ³2 and PDB ID 7w9k.  
Extracellular (A) and lateral (B) views of NaV1.7- ³1- ³2. AF3 predicted assembly is colored by pLDDT, while the 
reference Cryo-EM structure is rendered in grey; the channel is presented as transparent cartoon. In both panels, 
unstructured regions were hidden for clarity.  
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Cluster Center RMSD (Å) 
Center 1 11.0 
Center 2 15.3 
Center 3 15.7 
Center 4 10.9 
Center 5 9.5 
Center 6 14.3 
Center 7 15.0 
Center 8 16.0 
Center 9 15.6 

Center 10 10.0 
Center 11 16.6 
Center 12 15.8 
Center 13 12.2 
Center 14 16.1 
Center 15 14.6 
Center 16 11.6 

 
Table 2. RMSD Values Derived from the Structural Alignment between Model4 and VSDIII Representatives.  
 
 

Cluster Center RMSD (Å) 
Center 1 9.0 
Center 2 5.2 
Center 3 15.5 
Center 4 12.5 
Center 5 5.8 
Center 6 15.5 
Center 7 4.3 
Center 8 9.4 
Center 9 5.2 

Center 10 37.7 
Center 11 14.0 
Center 12 14.3 
Center 13 14.3 

 
Table 3. RMSD Values Derived from the Structural Alignment between Model0 and VSDIV Representatives. 
Assessing the root mean square deviation value for Center 10 was not possible since these two interfaces diverge 
in PRRT2 binding modality to VSDIV.  
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Cluster Center RMSD (Å) 

Center 1 9.1 
Center 2 3.7 
Center 3 15.5 
Center 4 13.3 
Center 5 5.8 
Center 6 14.2 
Center 7 3.7 
Center 8 9.1 
Center 9 6.1 

Center 10 38.4 
Center 11 14.5 
Center 12 15.0 
Center 13 14.7 

 
Table 4. RMSD Values Derived from the Structural Alignment between Model3 and VSDIV Representatives. 
Assessing the root mean square deviation value for Center 10 was not possible since these two interfaces diverge 
in PRRT2 binding modality to VSDIV.  
 
 

 
Cluster Center RMSD (Å) 

Center 1 8.8 
Center 2 4.9 
Center 3 14.7 
Center 4 12.6 
Center 5 4.8 
Center 6 15.1 
Center 7 4.6 
Center 8 8.6 
Center 9 5.5 

Center 10 38.8 
Center 11 14.3 
Center 12 14.7 
Center 13 13.9 

 
Table 5. RMSD Values Derived from the Structural Alignment between Model2 and VSDIV Representatives. 
Assessing the root mean square deviation value for Center 10 was not possible since these two interfaces diverge 
in PRRT2 binding modality to VSDIV. Model2 is the binding mode extracted from the trimer NaV1.2- ³2-PRRT2. 
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