Nucleic acid-protein interaction prediction
using geometric deep learning

Elizaveta Geraseva
FBB MSU



ldentification of NA binding sites and
nucleotide specificity




NA-protein interaction prediction




Protein surface analysis

MaSIF method

Approach: systematic _
extraction of patches Geometric features < Chemical features

- w e A s

Distance-dependent Hydropathy  Continuum  Free electrons/

Wt index curvature ) electrostatics protons
« Patch center points 1 ' J,
=Patch radius
Polpr MaSIF- Geometric deep learnin
( coordinates | [ P 9
4 5 N filters
. .  m< e
& % v \ é \ 7 = <_\
Angul dinat i I —
nguiar coordinates % r‘“v g ...7 ] - __4
KL % x ( et ’
4 Map features = _od |
to learned B - ¢ [MAoplicati
soft grid : ingerprin pplication-
Radial coordinates 2 Corvelulionsl lqyets descriptor | specific layers)
N

Gainza, P.,, Sverrisson, F., Monti, F., Rodola, E., Boscaini, D., Bronstein, M. M., & Correia,
B. E. (2020). Deciphering interaction fingerprints from protein molecular surfaces using
geometric deep learning. Nature Methods, 17(2), 184-192. N




Applications

ADP

CoA

FAD
? '

HEME | -

NAD*

NADP” NADP* Interface

SAM Non-interface
Pocket classification Interface site prediction

MaSIF-ligand MaSIF-site

a d
MaSIF- ;
- search =l UM 11 Training MaSIF-search workflow
: s > P ; Minimize
Interactin Binder pz. Patch descriptor . ;
tioh: 9 descriptor Fingerprint Decoy Alignment
e Invert distance scan | selection [ and
—> - . M.M.J W reranking
Non Target Maxnmze
interacting dde_Sfl"PtOV P o
pacres - &, - T r W
Target1 Qe ‘\§ _ P )L’,\;} Binder 1
Random & T -
b Interacting patches < 0.97 0.99 10 2
1.0 I Noninteracting patches 656 ’
> 0.8 ‘ 0.84 - Target 2 ST ‘? - - —\’ Binder 2
c \ [e) X<
[} 0.6 (@]
2 ROC AUC, 0.99 075 ¢ A
o 04 = -
I = y
0.2 '
Binder N
0 . 05 Target N inaer
0O 1 2 3 4 5 6 7 8 GIF Geom Chem G+C .Target site
Descriptor distance MaSIF-search

P. Gainza et al (2020)



Protein surface analysis

1. MaSIF

atoms

2. dMaSIF

c. coordinates d. output

a. points, normals b. features

----» pre-processing — onthe fly

Sverrisson, F., Feydy, J., Correia, B. E., & Bronstein, M. M. (2020). Fast end-to-end
learning on protein surfaces. bioRxiv.
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Tasks

. NA binding site identification using binary
classification for each surface point

. Nucleotide specificity prediction using
multiclass classification for each surface point

. NA-protein interaction prediction using vector
descriptors that are complementary for
interacting surface points



Architecture of chemical feature module
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Architecture of chemical feature module
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Loss

Loss

Results

Identification of NA binding sites
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Results

Identification of NA binding sites

DNA binding test set
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Results

|dentification of nucleotide specificity
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Results

Interaction prediction
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Results

Parallel training

Execution time of parallel training
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Parallel training on multiple GPUs is implemented using the
DistributedDataParallel module of PyTorch with NCCL backend
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Conclusions

DmaSIF approach showed its efficiency at the tasks of NA-protein

interaction 1dentification and prediction

Vectoric representations of atoms in the chemical feature module raised

model performance on NPI tasks
Nucleic acid specificity prediction task needs more investigation

Parallel training increases training rate 2.5 times when using maximum

possible batch size with the up to batch size number of GPUs



