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Why binding affinity prediction Challenges Method LE prediction workflow

Protein-ligand binding free energy prediction extends the ‘docking problem’ with the Accurate prediction of the interaction between a ligand and a protein relies on: Our approach to these challenges relies on docking to sample ligand-binding
requirement of an accurate understanding of the chemical space leading to * Locating one or more favourable and relavant ligand interaction poses (docking). conformations followed by short MD to retrieve binding free energies.
interactions and their relation to binding affinity. Powerful in-silico methods able to * Dealing with flexibilty of the protein and ligand leading to the interaction. Interaction dynamics is further accounted for by using multiple ligand binding
predict favourable interaction to the target protein and unwanted binding to * Accurate description of the physicochemical interaction space (force field). poses in a Boltzmann-weighting scheme. Binding affinity regression models are
off-target proteins during early-stage drug development can help to prevent failures * Correlating (simulation) descriptors to binding affinity (statistical modelling). trained using a semi-autonomous learning method introduced here ¢ that
and waste of resources during later stages. uses iterative Linear Interaction Energy (iLIE) thereom?**.
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The LIE workflow was applied to a set of 132 structurally diverse aromatase (CYPI19AI) inhibitors with known binding W. =
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the dataset in one or multiple models within a predefined statistical space taking into account the ligand interaction i e e i

space.

_ Robust LIE regression models. Correlation plots (units in kJ] mol')

The semi-autonomous learning }

B method identified three unique | | | | | | | | | | | | | |
—] | | 2 2 T« * * %
g to partially overlapping robust ) ¢ . L7 ) ¢ R w L7
. -25 - / @82 -35 1 e L -35 - ’ ; .
o) LIE regression models. . e S e 7 o size 31 52 31
> 30 - I R A / - 40 - AR s el 40 - e A7 i
| & o el e a 023 0.1 0.l
-35 o2 :.. : .: "// 32§2 i // i 45 - . ... //:213@130 . // .o 1 45 | // 4 // ) . L
5 ne ’ K .;,:1«;55 // ) /,@%ﬁ@ :égﬁf]"’/ /// P /,’ B 0.68 0.75 0.87
T —— S a0l . % o * o i &0 ** o I 0 | . . i
S Rt * Y . A ” R LT RMSD 236 259 1.68
. ’ 0 o . S28 . . . . .
automatically resolved regression a5l e %7 e oL I 5 ,"9% o oed® e .. ) 5 | 0 SHe Sl e I
} 25}4‘ Vi 0 iaz . o , 28 533%46// ° 2
models. | unique, 2 partly S T 7 K . BT el r 086 0.76 0.92
. -50 - , 7 .98// .' - -60 - , S1 // o o o oo ° - -60 - /&0 {/ :' e | ® - SDEP
overlapping ARy A / ,? : © /! oat et oo 2.57 259 1.89
55y Bid I 5 v 1z ° , . t 65 JECL IR T P . I 5
. e e P00 083 076 0.90

Of the datas et -60 i T T T T T T -70 a T T T T T T -70 £ T T - T T : .I T
| . d -60 -55 -50 -45 -40 -35 -30 -25 -20 -70 -65 -60 -55 -50 -45 -40 -35 -30 -70 -65 -60 -55 -50 -45 -40 -35 -30
explaine
o AGobs AGobs AGobs

: : . Interaction profiling. Contact frequency for different interaction types as horizontally stacked bars
‘£ Interaction profiles provided the P < I Y s 4
@1 applicability domain of the three . * ' e * """""""""""" : * |
— o
B models in terms of the type of o
¢ | interactions the ligands have with : . :
. . 66 1 3 .
ﬁ the four interaction “hotspots” e - ° .
I_ 8 Y ° E w
y4 S w| 5 - =0
e o = g ° T
= | I . =
E i _
C
8 i I
. model with steroid based . I | I -
aromatase inhibitors (SAl) I I I i I _ I I : I I _
1 MIIRIR | | | 1 | 11l
S i
O'M' 0!'"'..TTTF--'T'="T="'.' .I_ ’- --_—-' - I'
* models with non-steroid 22 2 R 8 8 B B BB ZOEOROE R FE R 5§ OF G 25 £ % 2§ F 8 8B EEESEEEEEEEEE S 2 f 5 8 % 5 8 KB B BB SR EEESOEOEE
based aromatase inhibitors Hydrophobic contacts Salt bridge Hydrogen bond, ligand donor - protein acceptor
* M general [ m-stacking T-stacking B neg. ligand - pos. protein M pos. ligand - neg. protein M ligand aromatic N-atom [l ligand N-atom [ ligand O-atom
(NSAI) Hydrogen bond, ligand acceptor - protein donor
r-cation [l halogen bond [ potential heme coordination B ligand aromatic N-atom B ligand N-atom igand O-atom
-
Our LIE workflow provides bind-
v ing affinity prediction with de- :
4" tailed structural information while
8 keeping CPU costs tractable.
w) Extensive statistical modelling and
@) interaction profiling provides
% models that explain a maximum
@) of the dataset with accompanying
applicability domain and distribu-
tion confidence information.
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