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Free Energy Perturbation (FEP) is a a helpful tool in
supporting ligand optimization in early-stage drug
discovery
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Free Energy Perturbation (FEP) can predict the
relative binding free energy between ligands
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~EP calculations on ligand series require a
graph of transtormations through the series

AAGhing
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AAGbinal, ligand 1 — --
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AAGyqg Weighted Least

Squares regression AAGpind, ligand 3 = -
AAGbind, ligand 4 — -

AAGbind, ligand 2 — -

AAsz’nd, ligand 5 — -
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Problem statement — how do we pick a graph?

n edges ~ N?

Accuracy;
Stmulation time
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Problem statement — how do we pick a graph?

@ N nodes
3
Accuracy;

@ etges -
?’l € 963 Stmulation time

@ @ = 16 — 2.7E16 mzmmally connected graphs

n edges ~ N?
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Problem statement — how do we pick a graph?

@ N nodes
3
Accuracy;

@ etges -
?’l € 963 Stmulation time

@ @ = 16 — 2.7E16 mzmmally connected graphs

Goal: find a graph that minimises the number of edges (n),
while maximising prediction accuracy (versus experiment).

n edges ~ N?
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State-of-the-art: LOMAP-Score depends on
MCS and expert-derived rules

LOMAP-Score 5
Maximum Common
Substructure
+ rules
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State-of-the-art: LOMAP-Score depends on
MCS and expert-derived rules

LOMAP-Score 5
Maximum Common
Substructure
+ rules

4 3 /] 3

Extensively tweaked to  Does not scale well  Limited transferability to
perform adequately to higher N (>50) other FEP codes
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The iaeal metric: AAG, fset

* Absolute differences between FEP
predictions and experimental values
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The iaeal metric: AAG, fset

* Absolute differences between FEP
predictions and experimental values

|

* Neither are known a priori
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A more practical metric: FEP uncertainty

o
[

* FEP standard error of the mean (SEM) tends
to be low when offset is low

109

* Still require FEP simulations to obtain SEMs

101 100 101
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This work: predict FEP uncertainty with
machine-learning models

Fredicted FEP uncefz‘ﬁ/'m‘y

SEM predicted by
ML models
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This work: predict FEP uncertainty with
machine-learning models

Fredicted FEP uncerz‘fl/mj/ 5 2

SEM predicted by
ML models

4 3 /} 3

Can do a representative set Fast, scalable Does not require
of FEPs in advance  estimation for large N expert/subjective engineering
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FEP-Space was created as a training set to
represent all realistic FEP transtormations

(nf=2550
ClI
= e
“ | FEP-Space “
o | vDerivative

Frequency in FEP-Space
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I:EP_Space iS a genera|isab|e | D Numberofheavya.tomsperturbed
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FEP-NN: a graph neural network that trains on
FEP-Space ligand pairs

CX
d = 7 17
Atom pairs _}a m m Y\

Graph Message- || Partition- | [Transformer-{ [ Average
Generator Passing || Padding Encoder '
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FEP-NN: a graph neural network that trains on
FEP-Space ligand pairs
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Graph Message- || Partition- | [Transformer-
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FEP-NN: a graph neural network that trains on
FEP-Space ligand pairs
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FEP-NN: a graph neural network that trains on
FEP-Space ligand pairs
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FEP-NN: a graph neural network that trains on
FEP-Space ligand pairs
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~EP-NN: training on FEP-space using a
transfer-learning approach

[ Graph-based JD

Pre-training
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Mean Absolute Error
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~EP-NN: training on FEP-space using a
':ransfer—leaming approach
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~EP-NN: training on FEP-space using a
':ransfer—leaming approach
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Applying trained model to test set — [YKZ2
ethodology
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Applying trained model to test set — [YKZ2
results:
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Applying trained model to test set — [YKZ2
results: FEP-NN graph contains an outlier
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Applying trained model to test set — [YKZ2
results: FEP-NN graph contains an outlier
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Metric value

Applying trained model to test set — [YKZ
results: corrected FEP-NN graph performs
competitively with state-of-the-art LOMAP-5Score
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lake-home messages

FEP-Space publicly
Available to advance
ML for FEP

~ FEP- Space
Derivative
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w @ First Siamese-NN-type implementation in FEP
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Thermodynamic cycle is the core concept in
FEP methodologies

AAG’bind = AGsolvated - AGbound |

N

_____________________________
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Under the hood: LOMAP scores edges based
on expert-knowledge

\»a- Shuai Liu et al, Lead optimization mapper: automating free energy calculations for lead optimization, J Comput Aided Mol Des
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Under the hood: LOMAP scores edges based
on expert-knowledge

o © o 7N\,
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O O R—NH 0
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Under the hood: LOMAP scores edges based
on expert-knowledge

%o

O})

Compute I_OI\/IAPJ:Score
(models FEP uncertainty);
keep edges above threshold

Shuai Liu et al, Lead optimization mapper: automating free energy calculations for lead optimization, J Comput Aided Mol Des
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Under the hood: LOMAP scores edges based
on expert-knowledge

%o

N
/
600950 09

| |
Compute LOMAP{5core :
(models FEP uncertainty); Cyclize & minimize

keep edges above threshold clusters

Shuai Liu et al, Lead optimization mapper: automating free energy calculations for lead optimization, J Comput Aided Mol Des
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Under the hood: LOMAP scores edges based
on expert-knowledge

%o

N
/
600950 0 9°

—— —— —
Compute LOI\/IAPJ:Score i |
(models FEP uncertainty); Cyclize & minimize Two-fold non-

keep edges above threshold clusters overlapping Minimum-
Spanning Trees

Shuai Liu et al, Lead optimization mapper: automating free energy calculations for lead optimization, J Comput Aided Mol Des
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Statistics vs. AAG.smsed 0-1]:
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Pearson R vs Expt.
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Metric value / A.U.
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