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Machine learning offers great promise for fast and accurate binding affinity predictions. However,
current models lack robust evaluation and fail on tasks encountered in (hit-to-) lead optimisation, such
as ranking thebinding affinity of a congeneric series of ligands, thereby limiting their application in drug
discovery. Here, we address these issues by first introducing a novel attention-based graph neural
network model called AEV-PLIG (atomic environment vector–protein ligand interaction graph).
Second, we introduce a new and more realistic out-of-distribution test set called the OOD Test. We
benchmark our model on this set, CASF-2016, and a test set used for free energy perturbation (FEP)
calculations, that not only highlights the competitive performanceofAEV-PLIG, but provides a realistic
assessment of machine learning models with rigorous physics-based approaches. Moreover, we
demonstrate how leveraging augmented data (generated using template-based modelling or
molecular docking) can significantly improve binding affinity prediction correlation and ranking on the
FEP benchmark (weighted mean PCC and Kendall’s τ increases from 0.41 and 0.26 to 0.59 and 0.42).
These strategies together are closing the performance gap with FEP calculations (FEP+ achieves
weighted mean PCC and Kendall’s τ of 0.68 and 0.49 on the FEP benchmark) while being ~400,000
times faster.

Predicting the change in free energy upon binding of a protein and a ligand
represents a cornerstone of computational smallmolecule drug discovery. It
is essential during hit identification, where one aims to identify binders that
demonstrate high affinity for a target, as well as in hit-to-lead and lead
optimisation, where binding affinitymust be optimised alongside a number
of other properties pertinent to safety and biological efficacy. Given the
vastness of chemical space—and hence possible drug candidates1—com-
puter-aided drug design (CADD) can play an important role in accelerating
the discovery process by enabling large numbers of compounds to be
screened in silico, avoiding the significant cost and resources required for
experimental measurements2. The need for fast and accurate virtual
screening methods is self-evident.

To predict binding affinity, computational methods typically employ
knowledge- or physics-based approaches that depend on statistical poten-
tials or those based onmolecularmechanics force fields, respectively3. These
approaches offer a trade-off between computational cost and accuracy: fast

estimations of binding affinity, such as scoring functions used in molecular
docking, rely on heuristics and physical approximations that can limit their
accuracy4. In contrast, alchemical binding free energy (BFE) simulation
methods using all-atommolecular dynamics (MD) in explicit solvent offer a
more rigorous butmore expensive approach to compute either the absolute
binding free energy (ABFE) of a ligand and protein5 or the relative binding
free energy (RBFE) between two similar ligands that bind to the same
protein6. A popular class of alchemical method, namely free energy per-
turbation (FEP)7 theory, often performed using the FEP+ workflow8, has
demonstrated performance approaching the limits of achievable chemical
accuracy (~1 kcal/mol) for certain systems9,10. However, FEP (herein used
interchangeably with alchemical BFE calculations) suffers from several
limitations, including: a strong dependence on the choice of MD force
field9,11; a need for extensive and custom preparation (although see ref. 12
and ref. 13 for recent progress in this area) and parameterisation protocols6;
and restrictions on the nature and extent of structuralmodifications that are
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permitted between two ligands in RBFE calculations. Moreover, the com-
putational cost of FEP limits molecular throughput and is thus prohibitive
for high-throughput virtual screening.

Machine learning (ML) has emerged as a promising alternative for fast
and accurate binding affinity prediction, benefitting from ever-increasing
quantities of both binding affinity measurements and high-resolution
structural data14. By training models using large datasets of protein–ligand
complex structures labelled with their corresponding experimental affinity
measurements, ML algorithms are trained to learn a mapping between
molecular structure or features of the complex and binding affinity. Once
trained, these models can then predict the binding affinity of new
protein–ligand complexes from their structure alone using a fraction of the
time and compute required for simulation-basedmethods. The past decade
has seen rapid growth in the development of ML scoring functions using a
variety of protein–ligand representations, such as intermolecular interaction
fingerprints15, extended connectivity fingerprints16, and ligand-based phy-
sicochemical descriptors17,18.More recently, deep learning architectures that
do not rely on explicit featurisation, such as convolutional neural networks
(CNNs)19 and graph neural networks (GNNs)20,21, have emerged. Typically,
ML models are formulated as regression tasks trained on the PDBbind
dataset22, which in version 2020 contains around 20,000 curated
protein–ligand complex structures with associated binding affinity mea-
surements. To evaluate their performance, the models are then tested with
complexes from the critical assessment of scoring function (CASF)
benchmarks23,24. In these scenarios, deep learning models have been shown
to achieve strong performance compared to traditional scoring functions
(PCC range of 0.85–0.90, and RMSE range of 1.5–2.0 kcal/mol)14,19,20.

Given this impressive performance, we might expect that suchmodels
have learnt the physical principles of protein–ligand interactions such that
they can generalise to protein–ligand complexes not seen during training,
and ultimately predict the result of subtle chemical changes in binding
affinity. However, a number of analyses have shown that current models
frequently fail to learn key biophysical principles, evidenced by their poorer
performance on out-of-distribution (OOD) datasets, implying memorisa-
tion of ligand-based features25–27 or even fitting to noise28. This issue is
compounded by the fact that deep learningmodels are typically “black box”
systems,making it challenging to interpret their predictions and interrogate
the knowledge learnt during training. Consequently, the application of ML
scoring functions beyond benchmarks in “real world” drug discovery
pipelineshasbeen limited, andmore expensivemethods such asFEPremain
the gold standard for accurate and reliable binding affinity predictions. One
of the first steps in remedying this problem is to construct and assess
methods using benchmarks that are OOD.

However, while the development of novel ML algorithms and archi-
tectures has led to some improvement in prediction accuracy, significant
progress has been stifled by a fundamental lack of data. Structure-based
methods require both accurate binding affinity measurements and the
corresponding three-dimensional (3D) structures of protein–ligand com-
plexes (especially the binding pocket) solved at sufficient resolution. One
strategy to increase the amount and diversity of training data is to use data
augmentation, wherein synthetic data is generated to mimic real-world
observations or bymodifying existing experimentally determined examples.
This approachhasproven effective for applications in computer vision29 and
natural language processing30, however, generating meaningful biological
and chemical data denovo canbe challenging due to its inherent complexity
and physicochemical constraints.

In thiswork,wepropose strategies that improve the applicability ofML
scoring functions while providing more realistic assessments of their per-
formance. First, we introduce a novel featurisation of protein–ligand
interactions that combine atomic environment vectors (AEVs)31,32 with
protein–ligand interaction graphs (PLIGs). The resulting method, termed
AEV-PLIG, uses an expressive attentional GNN architecture that learns the
relative importance of neighbouring environments in order to capture the
complex and nuanced interactions between protein and ligand atoms33.
Second, we construct a new out-of-distribution benchmark (OOD test) that

is designed to penalise ligand and/or protein memorisation, unlike widely-
usedbenchmarks such asCASF-2016.Weuse this in conjunctionwithother
test sets that are representative of real-world drug discovery projects that
feature pharmaceutically-relevant targets each with a congeneric series of
ligands typical of hit-to-lead and lead optimisation campaigns10. Originally
designed to benchmark and validate the performance of FEP, these test sets
not only provide a more realistic indication of prediction accuracy for
applications inCADD, but also enable a direct comparison between current
ML- andMD-based approaches. To overcome the lack of training data, we
also explore the use of augmented data, whereinmodels are trained on both
3D protein–ligand complexes with experimental binding affinity data and
structures modelled using a template-based ligand alignment algorithm34

and molecular docking35. Altogether, we find that AEV-PLIG consistently
shows comparable or better performance than a variety of other ML-based
methods across a diverse range of benchmarks. Training with augmented
data also offers a highly effective route to significantly improve prediction
correlation and ranking for congeneric series typically encountered in drug
discovery. Moreover, AEV-PLIG is orders of magnitude faster than FEP,
requires minimal per-system preparation, and yields absolute binding
affinities as opposed to relative free energy differences. This work highlights
the potential of novel featurization that captures protein–ligand interac-
tions, the need for more robust benchmarks, and the emerging role of
augmented data in training ML-based scoring functions for rapid and
accurate binding affinity prediction.

Results and Discussion
AEV-PLIG achieves competitive performance on better
benchmarks
Our previous model using AEVs (AEScore32) showed comparable perfor-
mance to other state-of-the-art MLmethods, however, there was still room
for improvement. This led us to the development of AEV-PLIG, a novel
attention-based graph-ML scoring function illustrated in Fig. 1. Graph-
based methods have emerged as a popular architecture for protein–ligand
binding affinity prediction due to their ability to naturally represent mole-
cular 3D structures and topologies36. Extending this representation to
molecular complexes, Moesser et al. recently introduced protein–ligand
interaction graphs (PLIGs) that encode intermolecular contacts between
proteins and ligands as graph node features37. However, as the interactions
in PLIGs are featured as protein atom counts determined up to a cutoff
distance of the ligand atom, intermolecular distance information is not
encoded. Here, AEV-PLIG builds on the concept of PLIGs by instead fea-
turing protein–ligand interactions using ligand atom descriptors and radial
atomic environment vectors (AEVs) centred on ligand atoms as the node
features. AEVs are composed of atom-centred symmetry functions, which
describe the local chemical environment of a reference atom using a set of
Gaussian functions that depend on distances or angles between nearby
atoms31. AEVs have been used previously for binding affinity prediction
models, where they have been constructed using chemical element atom
typing that does not explicitly account for atom connectivity21,32. Thus, we
also rationalised that typing atoms using extended connectivity interaction
features (ECIF)38, which offer a richer set of 22 distinct protein atom types,
would provide a more detailed and informative representation of the che-
mical environment. In addition, while AEVs are typically composed of
radial and angular parts describing two- and three-atom interactions
respectively, AEV-PLIG uses only the radial AEVs introduced by Smith
et al.39 that incorporate intermolecular pairwise atomic interactions.
Moreover, AEV-PLIG leverages the recently developed GATv2 layers33, an
enhanced version of GATs40 that makes them strictly more expressive. The
graphs that feature the protein–ligand complex in AEV-PLIG are propa-
gated through five GATv2 layers, followed by a global pooling procedure.
Finally, a vector representation of the graph is passed through a four-layer
multi-layer perceptron (MLP) to output a binding affinity (pK) prediction.

We evaluated AEV-PLIG on the CASF dataset designed as a “scoring
benchmark” to assess the predictive accuracy of computationalmethods23,24.
Widely used in the development and evaluation of ML models for affinity
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prediction, the CASF-2016 benchmark contains 285 high-quality
protein–ligand complexes representing 57 different proteins. When eval-
uated on this set, AEV-PLIG demonstrated excellent performance (Fig. 2,
PCC = 0.86, Kτ = 0.67), exceeding or comparable to a variety of other
empirical and ML-based methods (Table 1). However, despite strong per-
formance on this benchmark, a number of studies have highlighted thatML
models frequently “memorise” training examples and overfit to biases and
even noise present in this data, instead of learning the underlying
biophysics25,26,41. These issues are exacerbated by the fact that the CASF
benchmarks are contaminated, being sampled from the PDBbind dataset to
ensure each protein cluster in the training data has representative test cases,
thus rewarding memorisation. The differences in X-ray crystal structure
resolution and ligand size (32 heavy atoms in PDBbind v2019 vs 24 in
CASF-2016) may also influence the accuracy of predictions for CASF-2016
targets. These factors can lead to an over-optimistic assessment of model
performance, yielding accuracy metrics that belie the model’s actual cap-
abilities when presented with previously unseen protein–ligand complexes
likely to be encountered in real-world applications. Moreover, many ML
models do not explicitly encode protein–ligand interactions, which can lead
to overfitting of ligand- or protein-based features present in the train-
ing set25.

To overcome this, a number of strategies to construct more repre-
sentative test sets that avoid data leakage have been proposed. One solution
is to use a time-based splitting procedure to separate training and test cases
based on their date of publication. However, given that new drugs are often
developed for existing targets and/or using existing scaffolds, this approach
does not rule out overlap between training and tests. Alternatively, scaffold-
or target-based splitting can be used to separate complexes basedon the core
molecular structure and protein sequence identity, respectively. This
approach does not explicitly take into account the ligand similarity,
including non-core functional groups and molecular topology. Instead, we
propose a new benchmark set—the OOD test—which is constructed by
minimising the similarity between the complexes in the OOD Test set and
the PDBbind v2020 training data, in terms of ligand similarity, protein
sequence identity, and protein pocket similarity. The resulting set contains
295 complexes from the Refined set of PDBbind v2020, with the remaining
data used for training. The distributions of maximum ligand, protein
sequence, and protein–ligand interaction similarities between training and

test ligands are shown in Fig. S1; further details concerning this dataset and
its construction are provided in “Methods”.

Binding affinity predictions obtained for the OOD Test set are shown
in Fig. 2, revealing a weaker correlation (PCC) and ranking (Kτ) than
predictions for CASF-2016. This is expected, given that performance on
CASF-2016 has also been shown to decrease when similar ligands and
proteins are removed from the training set18. By providing a more realistic
estimate of performance onOODdata, this benchmark also facilitatesmore
realistic comparison and insight into the generalisation capabilities of
models employing different featurization and architectures. To this end, we
trained and evaluated a number of state-of-the-art models using the same
training data on the OOD Test benchmark. The results, summarised in
Table 1, reveal a significant drop in performance compared to CASF-2016
for all models. For OnionNet and Pafnucy, prediction correlations fall from
0.83 to 0.57, and 0.76 to 0.55, respectively, highlighting the limitations of
evaluating a model on only a single benchmark.

In addition to the OODTest, we also evaluated ourmodels using the 0
Ligand Bias dataset devised by Durant et al.41 (Table 1). This benchmark
consists of 365 protein–ligand complexeswhere the same ligand is bound to
multiple different proteins, and is designed to penalise models that might
learn predominantly from ligand-based features. Allmodels tested achieved
lower prediction correlation for this set compared to their performance on
CASF-2016, illustrating over-fitting to ligand data. Compared to other
models, AEV-PLIG achieved the best prediction correlation (PCC = 0.37);
and its ranking ability (Kτ = 0.21) was comparable to OnionNet-2, a CNN
model that uses a radial encoding to capture protein–ligand interactions42.
AEScore32, a feed-forward NN also trained on atomic environment vector
representations, has worse performance than AEV-PLIG across all bench-
marks (Table 1). However, unlike AEScore, AEV-PLIG utilises only the
radial AEV components and employs ECIF atom typing rather than just
elements, thus taking into account the atom connectivity explicitly when
constructing atom-centred symmetry functions38. Combined with a graph
attention network architecture, AEV-PLIG’s representation appears to
enable enhanced performance.

While is it crucial to estimate OOD performance when constructing
and comparing different methods, the primary application of these ML
models lies in early-stage drug discovery, wherewe seek to identify and rank
the most potent compounds among a series of relatedmolecules with small

Fig. 1 |Diagram showing theAEV-PLIG architecture.The input ligand graphwith
node feature vectors consisting of atom descriptors and radial AEVs are propagated
through five GATv2 layers33, each with three attention heads. Thereafter, a global
pooling procedure is performed with concatenated vectors from max and mean

pooling, followed by a four-layer MLP. The model prediction is calculated as the
mean of the output of an ensemble of ten identical architectures that were inde-
pendently trained with different seeds.
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chemical modifications designed to inhibit a specific target. It is therefore
important to evaluate our models on benchmarks representative of this
scenario.Thus,wealsoused the recentFEPbenchmark set compiledbyRoss
and colleagues10. This comprehensive benchmark represents the largest
publicly available collection of proteins and congeneric ligand series, cov-
ering awide rangeof targets and smallmolecule perturbations found indrug
discovery projects. In total, the dataset comprises over 50 unique protein
targets and over 1200 ligands born out of hit-to-lead and lead optimisation
projects10. In each case, RBFE calculations were performed using FEP+ and
analysed retrospectively to evaluate the efficacy of this alchemical workflow
in industrial applications. Additional details concerning the compilation
and composition of this dataset can be found in the “Methods” and original
publication, while a full list of targets is available in Table S2.

The performance of AEV-PLIG models on the FEP benchmark is
shown in Table 1 as a weighted average across all series with ten or more
ligands, with individual series metrics reported in Fig. S2. Compared to

CASF-2016, AEV-PLIG’s binding affinity predictions for the FEP bench-
mark were markedly worse, with weighted mean correlation (PCC) and
ranking (Kτ) metrics of 0.41 and 0.26, respectively (Table 1). This reflects
both the challenging nature of these scenarios, many of which contain
structurally similar ligands with substantial differences in activity (i.e.
activity cliffs) and counterintuitive structure-activity relationships. In fact,
none of the ML-based or empirical methods evaluated here performed well
on these systems: AEV-PLIG and SIGN yielded the most accurate predic-
tions, but displayed onlyweak tomoderate correlation on average (Table 1).
In contrast, binding affinities computed via FEP+ had weighted average
PCC and Kτ values of 0.68 and 0.49, respectively.

Moreover, the series in the FEP benchmark typically have narrow
experimental affinity ranges (Fig. S3b), making it harder to achieve high
prediction correlation compared to mixed datasets that encompass many
more targets and ligands, such as CASF-2016 (Fig. 2a, with a range of
14 kcal/mol or 9 pK units). For AEV-PLIG on the FEP benchmark, we
found that the PCC and Kτ values calculated for the largest series (≥25
ligands) combined were 0.56 and 0.36, respectively, compared to weighted
mean values of 0.37 and 0.24 across targets individually (Fig. S3). Given that
we often apply thesemodels to score and rank similar compounds that bind
to the same target of interest, series-based evaluations provide a more rea-
listic assessment of model performance.

Altogether, the results in this section highlight the concerning dis-
crepancybetween the accuracy of binding affinity predictions for complexes
in the widely used benchmark, CASF-2016, and more realistic test sets
designed to probe OOD performance, penalise ligand memorisation, and
validate models for lead optimization41. These data suggest that, in order to
robustly evaluate ML models for binding affinity prediction, it is crucial to
benchmark performance on diverse datasets that capture the nuances and
challenges of real-world data and applications41. We also emphasise that
while AEV-PLIG outperforms the other ML methods tested here across
most benchmarks, we do not claim it is the optimal model; rather, our
analysis aims to illustrate the variability in the performance of different
models on different benchmarks, and highlight the strengths and weak-
nesses of different protein–ligand representations.

Augmented training data improves AEV-PLIG
Amajor issue affecting MLmodel performance is the lack of diverse, high-
quality training data. This is particularly challenging in biochemical appli-
cations, where obtaining new data involves costly and laborious experi-
mentalmeasurements, such as X-ray crystallography or isothermal titration
calorimetry. Sequence-based binding affinity prediction methods have
attempted to circumvent this issue using non-structure derived protein and
ligand representations, enabling training on larger quantities of binding
affinity data such as is accessible via ChEMBL, and is particularly valuable
where the protein target sequence is known but the 3D structure is not.
However, these methods have yet to achieve the same level of performance
as structure-based models43,44, and can still require structural knowledge a
priori, such as the location of the ligand binding pocket43.

In a parallel effort, Li and colleagues recently used a template-based
modelling strategy to generate 3Dstructures for ligandswithknownbinding
affinities to target proteins in the PDBbind dataset34. This approach,
described in greater detail in the original publication34 and the “Methods”,
resulted in an augmented dataset of 69,816 additional complexes with
modelled structures and experimental binding data, denoted as “Binding-
Net". Crucially, as the compounds included in BindingNet must bind a
target that exists in PDBbind v2019, while also having sufficient structural
similarity to the cognate ligand, this additional data increases ligand
diversity and coverage. BindingNet also includes 51,131 activity cliffs
(defined based on matched molecular pairs with at least a ten-fold potency
difference) for 455 targets34. Following a similar approach, augmented data
has also been generated by Gilson and colleagues as part of the BindingDB
project35. Specifically, the BindingNet Docked Congeneric Series (DCS)
dataset provides structures for protein–ligand complexes generated com-
putationally using the Surflex docking program45. As with BindingNet, this

Fig. 2 | Scatter plots showing predicted vs. experimental binding free energies for
AEV-PLIG models.Model trained for a the CASF-2016 benchmark with PDBbind
v2020 and b for the OOD Test benchmark with Refined2020+. RMSE is given in
kcal/mol.
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process relies on an available crystal structure of a congeneric ligand to serve
as a template for pose generation. In total, BindingDB-DCS contains 8822
protein–ligand complexes from 1322 congeneric series, further increasing
ligand coverage.

In light of these augmented datasets, we investigated the effect of
augmenting the training of AEV-PLIG models using PDBbind v2020
together with BindingNet and BindingDB-DCS data, evaluating their per-
formance on each benchmark described previously. For the CASF-2016,
OOD Test and 0 Ligand Bias benchmarks, we found no significant
improvement in performance when training with this additional data
(Fig. S4). However, for the FEP benchmark, augmented data offered a
substantial performance improvement formost systems individually andon
average, with weighted mean PCC and Kτ values increasing from 0.41 to
0.59 and from 0.26 to 0.42, respectively (Fig. 3). We established this
improvement to be statistically significant (P < 0.0001, with a significance
threshold of P < 0.05) by performing hypothesis tests on the differences in
weighted mean PCC (and weighted mean Kτ) values between the two
models (see “Methods” for details). The performance of AEV-PLIG and
FEP+ for each system in the FEP benchmark are also displayed in Fig. S2.
The different effects of augmented data onmodel performance across these
benchmarks can be examined by considering the nature of the data in the
training and test sets. The FEP benchmark comprises many proteins each
bound with a series of ligands, whereas CASF-2016 and OOD Test is
composed of independent protein–ligand pairs, and 0 Ligand Bias features
highly similar ligands bound to a variety of different proteins. The dis-
tribution of ligands and targets in the FEP benchmark is thus closely
mimicked by the additional training data, where there is a high coverage of
ligands per protein. In contrast, the OOD test and 0 Ligand Bias include, by
design, proteins that are dissimilar to PDBbind and low coverage of ligands
per protein, respectively.

Recognising that the presence of similar structures in the training set
can lead to enhanced test performance,we sought to investigate the effectsof
ligand similarity on AEV-PLIG performance by removing structurally
similar compounds from the training data. Specifically, we removed all
complexes from the training set where the ligand Tanimoto similarity (Ts)
compared to each test set ligand exceeded 0.9, 0.8, 0.7 or 0.6, before training
models on the remaining test-set dissimilar data. The performance metrics
shown in Fig. 3 reveal that the AEV-PLIG models’ accuracy does indeed
depend on the presence of similar ligands in the training data, although this

dependence is modest at the levels of similarity investigated here. For
example, removing ligands with Ts > 0.6 decreases performance by
approximately 0.05 correlationunits (PCC,Kτ) compared tomodels trained
on ligands with Tanimoto similarity up to 0.9. Nonetheless, even using a
strict similarity threshold of 0.6, training AEV-PLIG with BindingNet and
BindingDB-DCS still yields improvements in average performance for the
FEP benchmark across all metrics relative to PDBbind v2020 (Fig. 3). To
assess the impact of the quantity of augmented data onmodel performance,
we also trained AEV-PLIG models using PDBBind v2020 supplemented
with progressively larger fractions of data randomly sampled from the
BindingNet and BindingDB-DCS datasets. Performance on the FEP
benchmark increased with dataset size and, interestingly, did not saturate
over the tested range, suggesting that incorporating additional augmented
data could lead to future improvements (Fig. S5).

Encouraged by these results, we sought to compare AEV-PLIG pre-
dictions for the FEP benchmark with those obtained using the FEP+
workflow. Overall, we found that the correlation and ranking ability of
AEV-PLIG trained using PDBbind v2020, BindingNet and BindingDB
(using Ts ≤ 0.9) was lower than FEP+ on average, providing a statistically
significant difference in terms of mean weighted PCC (P = 0.012) and Kτ
(P = 0.014) across all series. To compare performance on individual targets,
we further investigated the predictions for congeneric series comprising 25
or more ligands (14 targets in total, Fig. 4). To avoid the same target
appearing twice in this set, theBACE1series fromtheFEP+R-group setwas
also excluded. We considered only these 14 targets with large numbers of
ligands to ensure sufficient data for robust analysis. The outcomes for all
systems in the FEP benchmark are provided in the Supporting Information
(Fig. S2 and Table S3) and reflect the same conclusions. Across these 14
targets, prediction correlation and ranking metrics obtained using AEV-
PLIG and FEP+were comparable in 8/14 targets based onPCC; and for 11/
14 targets for Kτ values, respectively (Fig. 4). FEP+ exhibited superior
correlation and ranking performance compared to AEV-PLIG for five
(OX2, HIF2α, PFKFB3, Galectin, SHP-2) and two (OX2, PFKFB3) targets,
respectively, whereas AEV-PLIG outperformed FEP+ for one series
(BACE1) in terms of PCCandKτ. Significancewas determined as described
in the “Methods”. Scatter plots depicting both AEV-PLIG and FEP+ pre-
dictions for each of these 14 targets are provided in Fig. S6.

Given that FEP+ is able to sample multiple protein and ligand con-
formations via MD simulations, greater performance would be expected

Table 1 | Performancemetrics for AEV-PLIG and other state-of-the-art binding affinity predictors on five different benchmarks

Model CASF-2016 OOD Test 0 Ligand Bias FEP benchmark

PCC (↑) Kτ (↑) PCC (↑) Kτ (↑) PCC (↑) Kτ (↑) wmPCC (↑) wmKτ (↑)

RF-score 0.82 0.63 0.64 0.48 0.24 0.16 0.29 0.18

[0.77, 0.85] [0.58, 0.67] [0.58, 0.70] [0.42, 0.53] [0.14, 0.34] [0.09, 0.22] [0.17, 0.40] [0.10, 0.27]

Pafnucy 0.76 0.55 0.55 0.39 0.17 0.10 0.26 0.18

[0.70, 0.80] [0.50, 0.60] [0.47, 0.62] [0.32, 0.45] [0.07, 0.28] [0.03, 0.18] [0.17, 0.36] [0.12, 0.23]

OnionNet-2 0.83 0.64 0.57 0.39 0.35 0.23 0.27 0.18

[0.79, 0.86] [0.59, 0.68] [0.49, 0.63] [0.32, 0.45] [0.23, 0.44] [0.16, 0.30] [0.18, 0.35] [0.11, 0.25]

PointVS 0.80 0.60 0.69 0.51 0.28 0.17 0.33 0.22

[0.76, 0.84] [0.55, 0.64] [0.63, 0.74] [0.46, 0.56] [0.19, 0.38] [0.10, 0.24] [0.23, 0.43] [0.15, 0.29]

SIGN 0.82 0.63 0.66 0.49 0.27 0.18 0.37 0.26

[0.78, 0.86] [0.58, 0.67] [0.59, 0.71] [0.43, 0.54] [0.16, 0.37] [0.11, 0.25] [0.29, 0.45] [0.21, 0.32]

AEScore 0.85 0.64 0.63 0.44 0.26 0.17 0.28 0.21

[0.81, 0.88] [0.60, 0.68] [0.57, 0.69] [0.38, 0.49] [0.15, 0.36] [0.09, 0.23] [0.19, 0.37] [0.14, 0.28]

AEV-PLIG 0.86 0.67 0.73 0.55 0.37 0.21 0.41 0.26

[0.82, 0.89] [0.62, 0.71] [0.66, 0.77] [0.50, 0.60] [0.25, 0.49] [0.14, 0.29] [0.32, 0.49] [0.20, 0.32]

All models were trained using subsets of PDBbind v2020, as described in “Methods”. Performance is measured in terms of Pearson correlation coefficient (PCC) and Kendall’s τ (Kτ) for CASF-2016, OOD
Test, and 0 Ligand Bias. For Wang FEP and Schindler FEP, the weighted mean PCC and Kτ over the different targets are reported, weighted by the relative number of data points per target (wmPCC and
wmKτ, respectively). 95%Bias-corrected and accelerated (BCa) bootstrap confidence intervals are reported in square brackets and the best performingmodels are highlighted in bold for eachmetric and
each test set.
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over ML models that use just a single “snapshot” to calculate binding affi-
nity. However, ML offers significant advantages in terms of speed, con-
venience and flexibility. In particular, we highlight that on average, once
trained, AEV-PLIG can generate a binding affinity prediction from a 3D
structure in 33ms with minimal computational requirements, whereas
performing four ligand perturbations using FEP+ requires 24 h and eight
commodity GPUs (Nvidia GTX-780)9, making AEV-PLIG at least
~400,000 times faster than FEP+. In fact, even to train an entire AEV-PLIG
model from scratch using PDBbind v2020 with augmented data ( ~95,000
data points) required just 28 h using a single GPU (Nvidia GTX-1080).
Moreover, once trained AEV-PLIG offers a generalised approach with

minimal system preprocessing, in contrast to FEP+, which depends on
robust preparation andprotocols that oftenneed tobemanually tailored to a
given system. These factors highlight that ML-based scoring methods,
exemplified by AEV-PLIG, can serve as complementary tools toMD-based
methods, offering competitive performance inmany cases, and at a fraction
of the computational cost. While FEP can achieve superior accuracy
through extensive conformational sampling and rigorous free energy cal-
culations, AEV-PLIG offers an advantage where rapid predictions and
scalability are paramount, such as ranking thousands of compounds within
pre-existing libraries or sampled de novo using generative models.

Conclusions
In this work, we have investigated a number of strategies to enhance the
applicability of machine learning (ML) scoring functions and providemore
realistic assessments of their performance, with a particular focus on drug
discovery applications. We have also introduced a novel binding affinity
predictionmethod, AEV-PLIG, that combines atomic environment vectors
with protein–ligand interaction graphs, employing an attentional GNN
architecture to capture the complex interplay of interactions that determine
binding affinity. AEV-PLIG was evaluated alongside RFScore, Pafnucy,
OnionNet-2, PointVS, SIGN, and AEScore, using a variety of benchmarks
designed to assess performance on OOD data (OOD Test) and
pharmaceutically-relevant systems (FEP benchmark), or penalise memor-
isation (0 Ligand Bias), revealing significantly worse performance than on
the widely used benchmark for scoring functions, CASF-2016. When
comparing different ML models, AEV-PLIG performed well, but no single
model achieved significantly better performance across all benchmarks,
highlighting the need for a diverse set of test cases to evaluate new models,
features and architectures.

Given the prevailing issue of data scarcity in biochemical domains, we
explored the use of augmented data by training models on experimental
binding data but 3D protein–ligand structures modelled using template-
based alignment or docking. This data augmentation strategy proved to be
an effective means of significantly improving AEV-PLIG’s ranking ability
for systems encountered in drug discovery, where compounds are designed
in series by introducing small structural modifications intended to increase
their binding affinity towards a given target. Our analysis also suggests that
additional augmented data could provide future performance gains; given
the recent introduction of accurate (protein–ligand) structure prediction
models such as AlphaFold 346, Umol47 and NeuralPlexer48, such data could
soon be readily available.

In light of the results presented here, we envisage that this data could be
pivotal in enabling ML-based tools to achieve the accuracy of rigorous
simulation-basedmethods such as FEP for predicting binding free energies.
Our work shows that MLmodels such as AEV-PLIG are closing the gap to
“gold-standard” alchemical methods such as FEP+, achieving comparable
performance for many congeneric series in the FEP benchmark when
models are trained using augmented datasets. However, FEP methods
continue to advance over time so whether the gap will continue to close
remains to be seen. Furthermore, ML-based methods like AEV-PLIG
benefit frommany practical advantages, such as generating predictions that
arefiveorders ofmagnitude faster thanMD-basedworkflowsdonot require
manual reparametrisation, and are thus amenable to high-throughput vir-
tual screening. Together, these new methods offer powerful and com-
plementary approaches for accelerating early-stage drug discovery.

Methods
Data
Training sets
PDBbind. To train and validate our baseline AEV-PLIG model, and com-
pare it to other state-of-the-art models, we used the PDBbind v2020
dataset22. PDBbind v2020 is a curated database of 19,443 protein–ligand
crystal structures with associated experimentally determined inhibition
constants, Ki, dissociation constants, Kd, or IC50 measurements. The
“Refined” subset of PDBbind v2020 contains 5316 complexes that satisfy

Fig. 3 | Performance of AEV-PLIG models on the FEP benchmark. Model per-
formance in terms of aweighted mean PCC or bweighted mean Kτ, as a function of
maximum ligand Tanimoto similarity (Ts) between the training and test sets. AEV-
PLIG models were trained on PDBbind v2020 only (green) or PDBbind (2020) plus
BindingNet and BindingDB-DCS. The performance of FEP+ on the FEP bench-
mark is included in red. Tanimoto similarity was computed using ECFP6 finger-
prints and error bars represent 95% BCa bootstrap confidence intervals.
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more stringent criteria including a minimum crystal structure resolution of
2.5Å and only Ki or Kd binding affinity measurements. We processed
PDBbind with RDKit v202349, removing 135 complexes with ligands that
could not be parsed with RDKit; included uncommon elements (i.e. not H,
B, C, N, O, F, P, S, Cl, Br, or I); or had unknown bond types.

BindingNet. To expand the training data for AEV-PLIG models, we
incorporated augmented structural data from BindingNet. Li et al.34 gen-
erated this dataset by first identifying candidate compounds fromChEMBL
with binding activity data for protein targets in PDBbind v2019. These
compoundswere selected based on their similarity to crystallized ligands for
each target. A template-based alignment protocol based on the maximum
common substructure (MCS) between candidate compounds and the
crystal ligands was used. 3D conformations of the ligands in the binding
pocket were generated and scored using molecular mechanics with Gen-
eralized Born and Surface Area solvation (MM-GB/SA)50. The top ligand
poses were selected based on theMM-GB/SA binding energy and the root-
mean-square deviation (RMSD) of theMCS. This process resulted in 69,816
additional structures, spanning 802 unique targets in PDBbind v2019. A
detailed description of the procedure is given in Li et al.34. When processing
this dataset for AEV-PLIG, we excluded 89 ligands containing uncommon
elements (i.e. elements other than H, B, C, N, O, F, P, S, Cl, Br, or I).

BindingDB.Wealso includedaugmented data from theBindingDBDocked
Congeneric Series (DCS)dataset,whichcontains a series of ligands that bind
to the sameproteinwith experimental binding affinitydata and ligandposes
that have been generated usingmolecular docking35. Similar to BindingNet,
at least one experimental crystal structure of the target was required to serve
as a template for docking. Congeneric series were identified automatically
based on the Tanimoto similarity of ChemAxon fingerprints, while docking
was performed using the Surflex-Dock program45.Weprocessed the data by
removing data points with ambiguous binding affinity measurements (e.g.
measurements containing “>” and “<”) and ligands that could not be read
using RDKit. BindingDB-DCS contains binding affinity Kd, Ki, and IC50

measurements. If a single datapoint includes multiple measurements, the

median binding affinity was used, prioritising Kd, then Ki, and lastly IC50.
After processing, BindingDB-DCS contained a total of 8822 protein–ligand
complexes generated from 1311 unique PDB IDs.

Benchmarks. To ensure a comprehensive comparison of our models
with other state-of-the-art scoring functions, we used five different
benchmarks that are described in detail in this section, namely: “Com-
parative Assessment of Scoring Functions (CASF-2016)”23,24, OOD Test,
0 Ligand Bias41, FEP benchmark10. Details about the training and test sets
are provided in Table 2. For the CASF-2016 and 0 Ligand Bias bench-
marks, the “General set” of PDBbind v2020 was used for training, with
any systems present in both PDBbind v2020 and the test sets being
removed to ensure there was no “hard overlap”. For the FEP benchmark,
we also removed complexes from the training data set based on their
ECFP6 fingerprint similarity to test set ligands, using an upper limit of 0.9
for Tanimoto similarity, Ts, unless otherwise stated. A subset of the
General set of PDBbind v2020, which we call “Refined2020+”, was used
to train models for the OOD test benchmark and is described in more
detail below.

Table 2 | Summary of the training and benchmark datasets
used in this work

Dataset Purpose No. data points Source

PDBbind v2020 Train 19,443 Ref. 22

Refined2020+ Train 18,402 This work

BindingNet Train 69,816 Ref. 34

BindingDB-DCS Train 8822 Ref. 35

CASF-2016 Test 285 Refs. 23,24

OOD Test Test 295 This work

0 Ligand Bias Test 365 Ref. 41

FEP benchmark Test 948 Ref. 10

Fig. 4 | Performance comparison of FEP+ with AEV-PLIG models for targets in
the FEP benchmark with 25 ormore ligands.Comparisonmade in terms of a PCC
and b Kτ. AEV-PLIG models were trained on PDBbind v2020, BindingNet, and

BindingDB-DCS (Ts ≤ 0.9). Error bars have been omitted for clarity. Asterisks
indicate where two methods give a statistically significant performance difference
(*P < 0.05, **P < 0.01, ***P < 0.001), calculated as defined in the “Methods”.
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CASF. Developed for the Comparative Assessment of Scoring Functions
(CASF), the CASF-2016 benchmark represents a curated subset of 285
complexes from the Refined subset of the PDBbind dataset v201623,24.
Briefly, proteins in PDBbind v2016 were first clustered by sequence identity
using a cutoff of 90%. Five representative complexeswere then selected from
each cluster, including the most-active and least-active ligands alongside
three additional complexes24. A more complete description of the selection
procedure can be found in the original publication24.

OODTest. In order to estimate generalisability, we propose an intuitive and
simple way to quantify the OOD performance of scoring functions with a
novel training and test set split of PDBbind v2020. The test set, called “OOD
Test”, was constructed by minimising the similarity of the complexes in
the OOD Test to the rest of the Refined set of PDBbind v2020 in terms of
ligand Tanimoto similarity, Ts, sequence identity s, and protein pocket
similarity.

We calculated sequence identity using MMseqs251, and the Tanimoto
similarity using ligand ECFP6 fingerprints generated with RDKit v202349.
We first clustered the Refined set of PDBbind v2020 using agglomerative
clustering with single linkage and a distance threshold of 0.5, where the
distance between two complexes, c1 and c2, is defined as follows:

dðc1; c2Þ ¼ 1�maxðsðc1; c2Þ=100;Tsðc1; c2ÞÞ: ð1Þ

In cases where there are multiple protein sequences in one complex
then the maximum sequence identity of any two protein sequences was
used. We then sampled these clusters into the OOD test; to ensure that
ligands in theOODtest satisfy simple criteria for drug-likeness, we excluded
clusters that included heavy ligands (molecular weight > 1000Da) or any
ligands with more than 20 rotatable bonds. To ensure there was no pocket-
specific similarity between proteins, we removed any clusters in the OOD
Test with pocket Pfam cluster overlap with the training data. The pocket
Pfam clusters were defined by Zhu et al.52. Briefly, their clustering procedure
includes assigning PDBbind complexes a Pfam entry utilising the protein
family database53 and Pfam entries in the PDB54. For proteins with multiple
Pfam entries, the Pfam entry that shared the most residues with the ligand-
binding pocket was used, denoted as the “pocket Pfam”. To cluster com-
plexes that lacked a pocket Pfam entry, the protein sequences were itera-
tively aligned with pocket Pfam sequences of other proteins with known
entries.

OOD Test consists of 295 complexes that have Ts < 0.5 and sequence
identity < 50% to any other ligand/protein in the PDBbind v2020 Refined
set. Additionally, the complexes in the OOD Test have no pocket Pfam
cluster overlap with complexes in the training data. To maximise the
number of training data points, we added all complexes from theGeneral set
of PDBbind v2020 that also have Ts < 0.5, and <50% sequence identity to
any complex in the OOD Test, and do not belong to the same pocket Pfam
cluster as complexes in OOD Test. In total, we added 13,385 complexes to
the training data. The final subset of PDBBind v2020 consists of 18,838 data
points, herein referred to as “Refined2020+” (Table 2). The OOD Test
benchmark training and test splits are accessible via: https://github.com/
isakvals/OOD-Test.

0 Ligand Bias. To ensure scoring functions utilise both protein and
protein–ligand interaction features for accurate predictions, Durant et al.
constructed a test set of 365 complexes from the PDBbind v2020 dataset
called “0 LigandBias”41. The test setwas constructed by clustering ligands by
their InChI-Key55, creating clusters of the same ligand bound to various
targets, with different clusters representing distinct ligands. The set consists
of 90 clusters where the mean binding affinity is between 6 pK and 7 pK
units and has a standard deviation greater than 1 pKunit. This construction
ensures that models that learn only ligand-based features cannot rank the
binding affinity of the test complexes. For more details, readers are referred
to the original publication41.

FEP Benchmark. To evaluate our models on data representative of drug
discovery projects, we used the comprehensive FEP benchmark set
published by Ross et al.10. This dataset includes congeneric series from a
wide range of previously published academic and industrial FEP studies,
covers a variety of targets (e.g. GPCRs and kinases) and ligand mod-
ifications frequently encountered in drug discovery projects. The target,
data source, and a number of ligands for each series are shown in
Table S2. For each system, the FEP+ workflow was applied to predict the
relative Gibbs free energy of binding, ΔΔGpred, between pairs of ligands.
Details about the system preparations and FEP+ protocols can be found
in the original publication10.

As binding affinities are measured experimentally as Ki, Kd, or IC50

values, theymust be converted to experimental free energiesΔG to facilitate
comparison with FEP+. Denoting any ofKi,Kd, or IC50 asK, and following
the same approach used by Wang et al.9 and Schindler et al.56, ΔG is cal-
culated as:

ΔG ¼ RT lnðKÞ ð2Þ
In contrast, ML models are typically trained to predict the negative

logarithm of (absolute) experimental binding affinity, pK, which is pro-
portional to ΔG:

pK ¼ � 1
lnð10Þ

ΔG
RT

ð3Þ

where R = 1.987 × 10−3 kcal K−1 mol−1 is the universal gas constant and
T = 297 K is the absolute temperature.To convert pKvalues toΔG values for
comparison with FEP, we used the following formula:

ΔG ¼ � lnð10ÞRTpK ð4Þ

Models
Atomic environment vectors. An atomic environment vector (AEV) is
a vector that describes the local chemical environment of a reference
atom, introduced by Smith et al.39 which was built on the pioneering
work of Behler and Parinello31. Single-atom AEVs were employed to
predict DFT potentials of organic molecules with the Accurate NeurAl
networK engINe for Molecular Energies method, ANAKIN-ME or
“ANI” for short. AEVs consist of two parts: radial and angular symmetry
functions, which describe two-atom and three-atom interactions,
respectively. In this work, we incorporated the radial part of the AEV
(radial AEV) into our graphs, which is calculated for each ligand heavy
atom node in the ligand GNN to describe the protein atoms that
surround it.

For a given protein–ligand complex, let I ligand be the index set of the
ligand heavy atoms in the complex, andIprotein;t be the index set of atoms of
type t 2 T in the protein, where T is the set of protein atom types. Let us
also denote the radial AEV of an atom i 2 I ligand with GRad

i . The radial
atomic environment of a reference atom is described using Gaussian
functions centred at various distances from the atom. Further, the
decreasing effect of atomic interactions with distance is implementedwith a
continuous cutoff function:

f cðRijÞ ¼
1
2 cos

πRij

Rc

� �
þ 1

� �
; for Rij ≤Rc

0 for Rij > Rc;

8<
: ð5Þ

where Rij is the distance between the interacting atoms i and j, and Rc is a
predefined cutoff radius. The cutoff function decays from 1 to 0 as Rij
increases, and is set to zero when the distance is larger than Rc (which we
define as 5.1Å; see Table 3). The radial AEV GRad

i consists of entries gt;mi ,
which are indexed by both the protein atom type t 2 T , and a vector
m = (η, Rs). The range of values that parameters η and Rs can take are also
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predefined. Each entry of GRad
i is then computed in the following way:

gt;mi ¼
X

j2Iprotein;t

e�ηðRij�RsÞ2 f cðRijÞ: ð6Þ

Here,Rs is the distance from the reference atom, and it defines the peak
of the Gaussian function, whereas the width of the distribution is controlled
by η. LetN :¼ jT j be the number of distinct atom types in the protein, L be
the number of values Rs can take, andK be the number of values η can take.
Then, the vectorm from Eq. (6) can take LK different values, and hence the
length GRad

i is NLK. The ANI papers39,57 utilise many narrow Gaussian
functions by fixing a small η value, while letting Rs take different values
between 0 and Rc (Fig. 5). This approach results in a fine resolution of the
radial atomic environment, while restricting the size of the vector. Figure 5
shows the contributions to a radial AEV entry, which are defined as:

CðRij; η;Rs;RcÞ ¼ e�ηðRij�RsÞ2 f cðRijÞ: ð7Þ

Graph construction. The featurisation of the protein–ligand complex in
this work was inspired by protein–ligand Interaction Graphs37 (PLIGs),
developed by Moesser et al.37. The graphs in PLIGs have the topology of
the ligand, with nodes representing ligand-heavy atoms, and edges
representing ligand covalent bonds. For each ligand-heavy atom, their
non-covalent interactions with the protein are encoded into the node
feature vector by counting protein atoms closer than 6Å, with Extended
Connectivity Interaction Features (ECIF)38 atom typing being used to
distinguish the protein atoms. A drawback of this representation is that it
does not distinguish between a protein atom at different distances from
the ligand atom within this cutoff. In this work, we improve upon PLIGs
by utilising radial AEVs instead of atom counts, providing a richer
description of protein–ligand interactions, whilst still ensuring the graph

representation remains invariant to translation, rotation or mirror
operations applied to the input structure.

For a protein–ligand complex, an AEV-Protein Ligand Interaction
Graph (AEV-PLIG) is constructed by calculating a radial AEV for each of
the ligand’s heavy atoms, using contributions from nearby protein atoms
only. For the calculation of radial AEVs, we utilise the ECIF38 atom type
definitions, which consist of 22 distinct protein atom types, i.e.
N :¼ jT j ¼ 22. The protein atom types from ECIFs are distinguished by
the chemical element and five other properties: explicit valence, the number
of attached heavy atoms, the number of attached hydrogen atoms, aro-
maticity, and ring membership. The radial AEVs are calculated with
parameters from ANI-2x57 (Table 3), resulting in vectors with dimensions
NLK = 22 × 16 × 1 = 352. The ligand-heavy atoms become nodes in the
graph, and edges are added to represent covalent bonds. Both the radial
AEVs and ligand atom descriptors are added to the node feature vectors.
The ligand atom descriptors include the same five properties that define the
ECIFatomtypes, aswell as one-hot encodingsof the chemical elementsB,C,
N,O, F, P, S, Cl, Br, and I. Finally, one-hot encodings of the bond orders (i.e.
single, aromatic, double, and triple bonds) are assigned to the ligand’s edge
features.

Neural network architecture. The neural network architecture we use to
predict binding affinity is a GNN with five graph attention network
(GAT) v2 layers33, eachwith three heads, followed by global pooling and a
multi-layer perceptron (MLP) as depicted in Fig. 1. GATv2 is an atten-
tional GNN which is a modified version of GATs40 that makes them
strictly more expressive. Specifically, the updated feature vector on a
node, u, is theweighted average of the linearly transformed features of the
neighbouring nodes, after the application of a nonlinearity, σ:

hu ¼ σ
X

v2N u ∪ fug
auvWtxv

0
@

1
A; ð8Þ

Here, auv is the attention coefficient with the following definition:

auv ¼
exp b>LeakyReLU Wsxu þWtxv þWeeuv

� �� �
P

k2N u ∪ fug exp b>LeakyReLU Wsxu þWtxk þWeeu;k
� ��� � ;

whereWs,Wt,We, andb are learnableweightmatrices shared over the layer.
In attentional layers, auv can be interpreted as the importance of node v to
the representation of node u, and is feature-dependent so it allows for
learnable importance. Veličković et al.40 also extend Eq. (8) to implement
multi-headed attention, whichwas originally introduced byVaswani et al.58.
Multi-headed attention concatenates multiple attention mechanisms from
Eq. (8), with each attention mechanism learning different weight matrices.

As the node feature vectors are propagated through the GNN archi-
tecture, we encode the updated features as 256-dimensional vectors for each
of the three heads.We summarise the final graph representationwith global
max and mean pooling, followed by a 4-layer MLP with dimensions 1590,
1024, 512, 256, and finishing with a 1-dimensional output.

Training and evaluation. All our AEV-PLIG models were trained
independently ten times with different random seeds, and the mean
predictions of the ten models are reported. Each model trained on
PDBbind v2020 or Refined2020+ was trained for 300 epochs, whereas
models trained with the addition of BindingNet and BindingBD-DCS
were trained for 200 epochs. Themodel parameters for the epochwith the
highest PCC on a validation set were saved. A list of the hyperparameters
is reported in Table S1. All code for data processing and model training
can be accessed here: https://github.com/oxpig/AEV-PLIG.

We investigated how a variety of state-of-the-art machine-learning
scoring functions compare to AEV-PLIGs in terms of predicting binding
affinity on five different benchmarks. Durant et al.41 provide a platform
called ToolBoxSF for executing scoring functions, which we used to train

Fig. 5 | Radial AEV contributions of the atom j 2 Iprotein;t for different values of
Rs, where η= 19.7 and Rc= 5.1Å. The plot is inspired by a figure in ref. 39.

Table 3 | The set of parameters used to construct the
radial AEVs

Parameter Values

Rc [Å] 5.1

Rs [Å] 0.80, 1.07, 1.34, 1.61, 1.88, 2.14

2.41, 2.68, 2.95, 3.22, 3.49,

3.76, 4.03, 4.29, 4.56, 4.83

η 19.7

These are the same parameters used in ANI-2x57.
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five models: one random forest, two CNNs and two GNNs, namely RF-
Score15, Pafnucy59, OnionNet-260, PointVS, and SIGN61. We also compared
our method with AEScore32.

Computational requirements and performance. The training process
for AEV-PLIG (including training ten independent models) using
PDBbind v2020 and BindingNet required approximately 28 h on a single
NVIDIA GeForce GTX 1080 Ti GPU. Data processing and binding
affinity prediction for 100 complexes took 3.25 s on a Mac M1 CPU,
averaging 33 ms per complex.

Performance metrics. To evaluate the performance of the binding
affinity prediction methods, we primarily used the Pearson correlation
coefficient (PCC); and Kendall’s τ correlation coefficient (Kτ), which
captures the rank-order correlation between predicted and experimental
values. While the prediction root mean square error (RMSE) is reported
on occasion (Table S3), it is less informative for prospective drug dis-
covery applications, where decisions are typically informed by the relative
ordering of compounds; indeed, for test series with a low range of affinity
values, low RMSE (≤ 1 kcal/mol) can be achieved with predictions that
are only weakly correlated to the experimental values (e.g. see misc/
hiv_prot_ekegren, Table S3).

Pearson correlation coefficient. PCC measures the linear relationship
between two variables, and is defined as:

PCC ¼
Pn

i¼1ðxi � �xÞðyi � �yÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1 ðxi � �xÞ2 Pn

i¼1 ðyi � �yÞ2
q ð9Þ

where xi and yi are the experimental and predicted affinities, respectively, �x
and �y are theirmean values, and n is the number of data points. PCC ranges
from −1 to 1, with 1 indicating perfect positive correlation, −1 indicating
perfect negative correlation, and 0 indicating no linear correlation.

Kendall’s τ correlation coefficient. Kτ assesses the ordinal association
between two variables. It is calculated as:

K τ ¼ nc � nd
1
2 nðn� 1Þ ð10Þ

where nc is the number of concordant pairs and nd is the number of dis-
cordant pairs among the n pairs of predicted and actual binding affinities
(i.e. sample size). A concordant pair occurs when the order of both elements
in the pair is the same in both sets, while a discordant pair occurs when the
order differs. Kτ also ranges from−1 to 1, with 1 indicating perfect ranking
agreement, −1 indicating perfect disagreement, and 0 indicating no
association.

Statistical tests. To establish whether predictions generated using method
M1 have significantly better correlation or rankingmetrics thanmethodM2,
we use a bootstrapping procedure, defined as follows. Given the metric of
interest (e.g. PCC or Kτ) as ρ, we define the null hypothesisH0 : ρM1

≤ ρM2
.

For each of 10,000 boostrapping samples b∈ [1, …, 10,000] we then cal-
culate the difference in ρ betweenmethodsM1 andM2 for the same sample:

Δρb ¼ ρb;M1
� ρb;M2

:

We used this test to compare AEV-PLIG trained with and without
augmented data, and to compare AEV-PLIG to FEP+ in overall ranking
ability and for each of the congeneric series in the FEP benchmark
containing 25 or more ligands. P-values are reported as the fraction of
bootstrap samples for which Δρb is negative, and we consider a P-
value < 0.05 to indicate statistical significance.

Data availability
TheOODTest benchmark training and test splits are available in the OOD
Test repository: https://github.com/isakvals/OOD-Test. All other training
and benchmark data is publicly available and can be accessed via the
respective publications.

Code availability
The code used to process data and train AEV-PLIGmodels can be accessed
in the AEV-PLIG repository licensed under the 3-Clause BSD License:
https://github.com/oxpig/AEV-PLIG and forked at https://github.com/
bigginlab/AEV-PLIG. The code used for data analysis and figure prepara-
tion is available in the repository for this manuscript: https://github.com/
matthewtwarren/aev-plig-paper and also forked at https://github.com/
bigginlab/aev-plig-paper.
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