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My journey into RNA modeling...
(a very top down approach!)

RNA dual graphs Dual graphs and digrapgs
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LLsCImblcs, Sampling the 3D RNA energy landscapes

Molecular dynamic simulations & co.
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Most of my life is spent here
But its another section...

Roeder, Stirnemann, Faccioli, Pasquali, QRB Discovery 2022



RNA interactions landscapes

Different structures can have different functional properties:

RNA 1s polymorphic! —

- different interactions with proteins

- different interactions with small ligands

Physics/chemistry govern these interactions

Chemistry Physics -
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pairwise interactions fields



Statistical Molecular Interaction Fields (SMIFs)

Initially for visualization and to build intuition.

Simple functional forms (Gaussians) parametrized based on known structures to describe molecular interactions:

- Hydrogen bonding )2 B2
oup(x) = — E exp [— I 2020) ] exp [— (o 20?) ]
— psr(X) = E exp [——(Vz MST)TS (Vi NST)]
- Stacking

- Hydrophobic/hydrophilic  ¢pp(x) = Y  K;exp

+ Electrostatics (APBS)

Large-scale PDB analysis (“statistical’)
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Barquero-Morera, ..., Pasquali, JCTC (2025)



SMIFs Software

VOLGRIDS
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Fockets, Comparison of the pockets of two drugs




Pockets
.

Benchmarking against pharmacophores (ligands interaction sites)
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HBA HBD HPH NEG POS STK

1bg0 8(13)[3 3(3) |2 1(2) |0 2(2) |2 0(0) [0 2(2) |1
leby 2(8) |2 6(6) |3 4(4) |4 0(0) [0 0(0) [0 0@4) |0
lehe 4(6) |1 0(0) |0 8(8) [8 2(2) |2 0(0) |0 0(2) |0
1h71  2(11)|3  1(2) |1 2(2) [2 0(2) |1 0(0) [0 1(1) |0
liqj 1(5) |0 0(0) [0 4(5) [2 o0(0) |0 o0() |0 1(3) |1
lofz 2(5) |2 3(4) |1 1(1) |1 0() |0 o) [0 0(0) |0
3ddo 2(4) |1 1(1) |0 3(3) |1 0(0) |0 o0() [0 0(2) |0
3eed 0(2) |0 0(0) |0 5() |7 0(1) [0 0(0) |0 o0(0) |0
5m9w  3(11) |3 6(8) [2 2(2) (2 0(2) |1 o0(0) |0 o0(1) |0
6e9a 2(6) |2 3(3) |1 4(5) |7 0(0) [0 0(0) [0 0(2) |0
TOT 14/15 10/10 29/34 4/6 0/0 2/2
lakx 1(1) |1 2(4) |1 1(1) |1 o) |0 1(1) |1 o0(0) |0
1i9v 0(19) |0 5(13)|2 1(1) [0 0(0) [0 0(0) |0 o0(0) |0
2esj 2(23) |4 9(15) |3 1(1) [0 0(0) |0 0(0) |0 o0(0) |0
4f8u  2(12) (3 8(8) |3 3(3) |0 0() (0 0() |0 o0() |0
5bjo  2(4) |1 2(2) |1 4(4) |0 o0(0) [0 1(1) |1 1(1) |1
5kx9 1(6) |1 0(0) |0 3(3) |0 o0() (0 1(1) |0 1(1) |1
6tf3  3(12)[2 2(2) [0 2(2) [0 0(2) [0 00) |0 2(2) |2
Toax0 0(4) |0 4(4) |1 3(3) [0 0(0) |0 0() |0 o0(0) |0
Toaxl 2(7) |0 2(2) |0 5() [0 0() [0 0() |0 2(2) |2
8eyv 1(4) |0 2(2) |0 4(4) |0 o0(0) [0 1(1) [0 1(1) |1
TOT 9/12 11/11 1/1 0/0 2/2 7)7
Bmm stacking s hbdonors WM hbacceptors hydrophobic == hydrophilic BB apbs-pos M apbs-neg
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Pockets scoring

B stacking B hbdonors BN hbacceptors BN apbs-pos Bl apbs-neg

le—6

SCO resmlf
SCOreota) X VOIUME pocket




RINA Pockets classiffication

Compute SMIFs for all known pockets (“barcodes™)

= stacking = hbdonors -— m—apbs-pos B apbs-neg = stacking == _hbdonors = hbacceptors = apbs-pos = apbs-neg

= stacking == _hbdonors - = apbs-pos == apbsneg

Panei, et al. Bioinfomatics 2022

Clustering of pockets based on
fields values
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Link clusters and ligand properties for drug design
(ML models)
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Pockets and energy landscapes .‘
VY

Ground state GS  Excited state ES2

TAR HIV

Roeder, JCTC (2026)

Average SMIFs over conformational basins
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Pockets and dynamics

Dynamically identify “interaction blobs”
and follow them over time
(non trivial process!)
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Not just pockets...

Interfaces

orane

dynamically connected interaction patches



Interfaces Interaction fields (iISMIFs)

Visualize and rationalize which interactions are ‘“used’ in an interface

Compute fields for one partner and match with occupation (density)
fields of its counterpart (compute the fields overlaps):

® Stacking field with aromatic rings

¢ Hydrogen bonds acceptor tield with hydrogens
Hydrogen bond donor field with hydrogen

bond acceptors

® Electrostatic field with charges




Interfaces Interaction fields (iISMIFs)
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Hairpin

Bulge loops

Internal loop Stem

Zhuo et al,, Life, 2025

MI. methods
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Pockets’ prediction

Geometry-based methods

place
alpha spheres

filter alpha spheres
by radius

oo

alpha atom _

alpha sphere RNA atoms

predicted
pocket

cluster filter by number filter pockets
a-spheres of a-sphere by score =
- ¢ ]
& ¢ 00 ¢ X ¢
o', oco
D i

Le Guillaux et al. BMC Bioinfomatics 2009
Veenbaas et al, PNAS 2025

SMIFs to detect RNA binding pockets
physics-based

Local fields

Fields hot-spots

SPockeR

SPOCKER

RNA binding
pocket detection
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La science pour la santé
From science to health




Conclusions: Physics rules!

& SMIFs help understanding interactions between RNA and small molecules and RNA/protein interfaces.
& SMIFs hot-spots match known interaction sites.

& SMIFs provide insightful classification of RNA pockets that can help narrow down possible drug

candidates.
& SMIFs can analyse pockets/interfaces on energy landscapes and dynamics.

& SMIF-based pocket predictions, SPockeR, performs extremely well without any training, impling
totally general applicability to unknown structures, and provide the information of the relevant binding
modes characteristics of the pocket.

My two cents...

A simp le interaction model (bas icaUy a Tay(or expans ion) provides a clear undesrtanding of the system behavior.

Go simp le Ioefore making ’chings comp lex!

Before engaging in involved ML/DL models try to understand what the system does.

Ask the Vigh’c questions and it will tell you a lot.
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