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Model developing Process

Result



Three models were developed

OSGraph RMSD
for predicting the RMSD of docked protein-ligand complexes

OGraph RG
for predicting affinity when no complex is available, using
separate graphs for the pocket and ligand

OSGraph_affinity
for predicting affinity based on the given protein-ligand
complex interface
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SGraph RMSD building process
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Graph RG model architecture

Each residue as a node;

Neighboring residues form edges

Each atom as a node;
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SGraph_affinity building process
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Identify correct pocket by exsiting methods

. Alphafold3
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2. Cofactor (2)
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Test Performance during SGraph RMSD training
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Compare with top predict of UniDock | stage 1 task
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Can & Cannot (SGraph RMSD)

SGraph_RMSD good, Unidock not good
>

:l> Both methods perform bad

5 Unidock good, SGraph_RMSD
not good

Both methods perform
good
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Can & Cannot (SGraph RMSD)
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RG graph prediction result Stage 1 task
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Can & Cannot (Graph RG)

Differences are smallest in the following three lines:

L3109LG016_1: Your Value = -9.92, Experimental Value = -9.91, Difference = 0.01
L1008LG016_1: Your Value = -8.77, Experimental Value = -8.78, Difference = 0.01
L3038LG016 e =-10.06, Experimental Value = -10.03, Difference = 0.04

Differences are largest in the following three lines:

L3154LG016_1: Your Value = -9.82, Experimental Value = -6.86, Difference = 2.96
L3056LG016_1: Your Value = -9.86, Experimental Value = -6.86, Difference = 2.99
L3066LG016_1: Your Value = -10.22, Experimental Value = -6.86, Difference = 3.35
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SGraph_affinity prediction result | Stage2task
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Can & Cannot (SGraph_ affinity)

Differences are smallest in the following three lines:

L3130: Your Value = -9.80, Experimental Value = -9.83, Difference = 0.03
L3120: Your Value = -9.23, Experimental Value = -9.29, Difference = 0.06
L3028: Your Value = -8.46, Experimental Value = -8.40, Difference = 0.06

Differences are largest in the following three lines:

L3131: Your Value = -8.54, Experimental Value = -11.90, Difference = 3.36
L1009: Your Value = -7.92, Experimental Value = -11.36, Difference = 3.44
L3047: Your Value = -8.19, Experimental Value = -12.02, Difference = 3.84
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Conclusion

1. SGraph RMSD

1) Deep learning can help to identify more accuracy binding pose compare to tradition method.

2) To highly accurate predict binding pose is still challenge.

R R R e e e L' K R B BB

1)Only pocket information and ligand information without interface residue-atom pairs

information can effectively estimate affinity.

2)It is not perfect but still a current valuable choice in drug screening task.

3. SGraph_affinity

1) Single conformation may not enough to accurately estimate free energy

2) Small data set with complicated input representation and model architecture may lead to

overfitting
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