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A Data-Driven Approach to planning accurate Alchemical 
Free Energy Calculations in Drug Design

Aim of the work:
Create a novel machine-learning model for predicting Free Energy Perturbation (FEP) reliabilities which can be inval-
uable for early-stage drug discovery work. The method should perform at least similarly to state-of-the-art methods, 
but require no expert-knowdledge, have increased scalability to larger series of ligands (N>50) and be more easily 
transferable to other FEP codes. In the process of obtaining this algorithm, a generalisable training set that encom-
passes virtually all realistic FEP tranformations as well as a machine-learning architecture that is able to train on this 
set have to be developed.

Conclusions:
- A generalisable, open-source training set (FEP-Space) was devel-
oped for FEP machine-learning workflows. 
- A machine-learning model novel to FEP is able to fit FEP-Space 
and predict FEP reliabilities in order to plan FEP networks.

Impact:
- FEP-Space is publicly available and can aid devel-
opers in further advancing FEP methologies.
- Data-driven FEP network generation can increase 
the objectivity and scalability of FEP for drug discov-
ery projects.

Outlook:
- A second, larger test set (Cathepsin 
S, N=39) is currently undergoing FEP 
simulations to further benchmark da-
ta-driven FEP networks developed in 
this work.
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FEP has gained increased popularity in commercial early-stage drug 
discovery projects. FEP supports the ligand optimisation problem, which 
aims to increase the ligand (right; circles) binding affinity to its therapeu-
tic target (left).

In FEP, while exploring a series of ligand derivatives, transformations must be selected based on how reliable the predictions are ex-
pected to be. Using traditionally rule-based heuristics, an edge scoring is applied (yellow-red edges; left) from which a FEP network is 
derived. After performing the FEP simulations (black edges; middle), per-ligand relative free energies of binding are derived using a 
weighted-least squares algorithm (right).

Choosing a FEP network with an optimal combination of edges is crucial in 
FEP workflows because it requires balancing computing time and predic-
tion accuracy. For even relatively small series (N=16), the possible number 
of networks is vast even when choosing minimal (i.e. 15 edges) graphs.

FEP-Space was created as a representative training set. All transformations 
within each publicly-available FEP benchmarking series were grafted onto a 
common benzene scaffold (i.e. discarding the ligand scaffolds); after remov-
ing duplicates and overly large transformations (>10 heavy atoms), 2550 
training points are present in FEP-Space.

A novel machine-learning architec-
ture was designed to train on 
FEP-Space’s dual input data type 
(each input is a transformation be-
tween two ligands). A pair of input lig-
ands is represented as a pair of 
graphs, after which each leg (blue, 
yellow) enters a series of graph oper-
ations using a message-passing al-
gorithm. Weights are shared be-
tween the two legs. An atom-map-
ping is included in the architecture 
(bottom). Final layers of the model 
(red) are fully-connected layers lead-
ing to a linear regression neuron.  

FEP-Space quintuplicate variance (standard error of 
the mean) is used as a measure of FEP reliability. In 
FEP-Space, these SEMs correlate to their binding 
counterpart (i.e. ΔΔGbind SEM of the original ligand with 
scaffold); albeit not perfectly: this is due to the loss of in-
formation by removing the original scaffold and protein 
context.

Statistical performance of FEP predictions versus experimental ligand binding affinities for the 
TYK2 benchmarking series (N=16) using different edge scoring methods to generate FEP net-
works. Shown are random values (blue; negative control), FEP-NN SEM predictions (orange; this 
work), LOMAP-Score (green; rule-based state-of-the-art [2]) and ΔΔGoffset (red). ΔΔGoffset is used as 
a positive control and is computed as the absolute difference between  ΔΔGBind, FEP and  ΔΔGBind, 

experimental  [3]. 

Scatter plots of experimental versus FEP-predicted relative binding free energies in kcal•mol1. 
Data in these plots was used to calculate statistical metric values in figure 8. Shown diagonal-
ly in each plot are the one (dark gray) and two (light gray) kcal•mol1 confidence intervals. In 
the top-right plot, shown in orange is an outlier ligand (see the annotated R-group) that was 
corrected manually as the FEP-NN picked unreliable edges to this ligand. 
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(state-of-the-art)

2 The core principle of FEP is the thermodynamic 
cycle. Instead of simulating the binding of ligand A 
to the protein binding pocket directly, ligand A is 
tranformed (’perturbed’) into ligand B in both the 
solvated and bound phase so that the relative 

binding free 
energy can be in-
directly computed 
[1]. 
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