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e Deep generative models are increasingly being proposed as a
method for compound design.

e Models which incorporate 3D target-specific information are better
able to design molecules which are complementary to the binding
site.

e Molecules generated in-silico can rapidly be assessed by structure-
based virtual screening models.

e To allow integration into drug discovery campaigns, generative and
virtual screening models need to be interpretable.
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Abstract

The success of Artificial Intelligence (AI) across a wide range of
domains has fuelled significant interest in its application to designing
novel compounds and screening compounds against a specific target.
However, many existing Al methods either do not account for the 3D
structure of the target at all or struggle to capture meaningful spatial
information from the target. In this Opinion, we highlight a range of recent
structure-aware approaches which utilise deep learning for compound
design and virtual screening. We discuss how such methods can be better
integrated into existing drug discovery pipelines by facilitating the design
of compounds which conform to a specified design hypothesis and by
uncovering key protein-ligand interactions which can be used to aid
molecule design.
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Introduction

Arecent study estimated that the median cost to develop a drug was $985
million and that, on average, it took 8.3 years to conduct the research and
development needed before clinical trials [1]. The development of
techniques which can deliver medicines to patients more quickly and ata
lower cost is therefore of the utmost importance. Enabled by recent
advances in computer hardware, machine learning (ML) algorithms have
been successfully employed in a broad range of fields, including natural
language processing, computer vision and protein structure prediction
[2, 3, 4]. ML algorithms, in particular those based on deep neural
networks, have a number of attractive properties: They are capable of
identifying complex relationships between features with minimal feature
preprocessing, they scale well to large datasets and can perform at a level
which has been shown in some cases to be on par with or better than



those of human experts [5]. There is significant interest in the application
of such deep learning algorithms to the drug discovery pipeline. One area
where deep learning is just starting to show potential is 3D compound
design.

Deep Generative Models for Compound Design

In drug discovery campaigns, molecule design relies heavily on the
expertise of medicinal chemists, who leverage their understanding of
chemical space and the target’s structure to design ligands which form
promising interactions. However, even with access to existing
computational techniques, such as docking algorithms and molecular
dynamics simulations, this process is costly and time consuming. Deep
generative models are increasingly being proposed as an alternative
method for molecular design. These methods aim to be able to rapidly
generate sets of high-affinity binders; a schematic of a deep generative
model for drug discovery is shown in Figure 1.

Early ML models for molecule generation represented molecules as
SMILES strings [6], a series of ASCII characters which completely describe
2D chemical structure. These methods were frequently able to generate
SMILES strings corresponding to valid molecules [7, 8, 9], but in early
examples the lack of grammar constraints imposed on the model meant
that a high proportion of strings produced by the model were chemically
invalid [7]. More recent models have proposed using graphs to represent
molecules (e.g. [10, 11, 12]), either constructing molecules 'atom-by-
atom’ or from a vocabulary of molecular building blocks; Jin et al. [10]
demonstrated that their graph-based model generated molecules with
superior properties to SMILES-based approaches [7, 8, 9].

An attractive property of deep generative models is that they allow
the optimisation of molecules against a specific property, either by
applying a search algorithm such as Bayesian Optimisation (e.g. [7, 10,
11]) or by training the model using reinforcement learning (e.g. [13, 14,
15]). Olivecrona et al. [13] and Zhavoronkov et al. [14] attempted to
generate molecules which would be active against a specific protein
target, but their methods relied heavily on the existence of molecules
known to be active against the protein, limiting their applicability when
designing
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Figure 1: Schematic of a deep generative model for drug discovery. During training
a molecule is encoded into a low-dimensional latent space and a decoder attempts
to recreate the original molecule from the latent space representation. After the
model is trained one can use the decoder to transform random samples in the latent
space into novel molecules, and leverage search algorithms to identify latent space
regions which correspond to molecules with desirable properties.

molecules for a novel target and potentially inducing the risk of designing
molecules which are strikingly similar to existing actives used to train the
model [16].

Instead of using known-actives as a basis for designing molecules
against a particular target, a small number of methods have explicitly
included protein specific 3D information into their generative processes,
making them applicable to a far wider range of targets than models which
require a library of known-actives. The first structure-aware generative
model, LIGANN [17], generated a set of ligand shapes complementary to
the binding pocket, using a shape captioning network to generate ligands
with pharmacophores capable of binding to the protein. Compared to a
random sample obtained from ZINC15 [18], LIGANN generated ligands
with superior docking scores on a test set comprising 31 targets.

Masuda et al [19] also incorporated 3D information by encoding
atomic density grids into separate latent representations for ligand and



protein and training a model to generate 3D ligands conditional on the
protein structure.

Unlike other models, which typically generate molecules as a 2D graph or
as a SMILES string, their model directly generated 3D atomic densities
and translated them to 3D structures. The authors showed that
conditioning upon the protein structure when generating molecules
generally improved the 3D properties of the resulting molecules
compared to those made by a similar model which did not account for
protein structure.

In contrast to the approaches described above, which explicitly
provided a representation of protein structure as an input to the model,
Jeon and Kim [20] utilised reinforcement learning in the generation of
molecules by incorporating a docking score into their reward function to
incentivise the generation of molecules which bound with high affinity to
the protein. Similarly, Bai et al. [21] proposed a genetic algorithm for
generating molecules with a fitness score [22] based on Autodock Vina
[23], which predicts the binding affinity between a protein and ligand.
Whilst Jeon and Kim [20] demonstrated that their algorithm was able to
make modifications to a molecule which improved its docking score, it is
well established that docking scores do not correlate perfectly with
binding affinities [24] potentially hindering the ability of the model to
learn which protein-ligand interactions are most appropriate.

The approaches described above [17, 19, 20] are analogous to high-
throughput screening, since any two molecules generated by the model
can be completely dissimilar. A different strategy is to explicitly
incorporate/build on known binders in the context of the protein.
DeLinker, proposed by Imrie et al. [26], is a generative model for fragment
linking which takes two fragments and 3D information describing the
relative positions of the fragments as input and returns a linked molecule.
DeLinker exhibited superior performance compared to a database-search
baseline on recovering the ground-truth linker and was able to generate
a greater proportion of molecules which were highly 3D similar to the
ground-truth. In a follow-up study, Imrie et al [25] demonstrated that the
imposition of user-specified 3D pharmacophoric constraints (Figure 2)
yielded substantial improvements over the original DeLinker model and
allowed a greater degree of control over the pharmacophoric profile of
the generated molecules, allowing easier integration into real-world drug
discovery campaigns in which a medicinal chemist typically formulates a
design hypothesis and seeks to enumerate molecules which conform to
that hypothesis.

The rapid proliferation of deep generative models has meant that it is
difficult for potential users to assess which method, if any, they should
use for a specific task. This difficulty is exacerbated by the fact that
different



Figure 2: Example of a 3D Pharmacophoric Constraint employed by Imrie et al [25]
on a Scaffold Elaboration task. Left: The orange ball represents the Hydrogen Bond
Acceptor constraint provided to the model. Right: An elaborated molecule where a
Hydrogen Bond Acceptor is placed close to the constraint, allowing it to make a
Hydrogen Bond with the protein.

models are usually trained and tested using different sets of molecules
and are evaluated using different metrics. There is therefore a clear need
for a set of benchmarks which allow practitioners to easily assess which
generative model is most suitable for their design task. MOSES [27] and
GuacaMol [28] are recently published platforms which facilitate the
comparison of different generative models across a range of distribution-
learning and goal-directed benchmarks. However, existing goal-directed
benchmarks focus on the generation of molecules which are highly
similar to existing ligands rather than molecules which are likely to bind
to a specific protein: In the next section we discuss several recently
published virtual screening models which could potentially be
incorporated into generative model assessment platforms.

Structure-Based Virtual Screening

The question of whether a specific molecule will bind to a protein of
interest is a central question of drug discovery. When considering large
sets of molecules, as is often the case when using generative models, it is
important
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Figure 3: Schematic of protein-ligand scoring using Convolutional Neural Networks.
A ligand is docked into the protein of interest, featurised and passed to a CNN. The
CNN captures important spatial information and predicts whether the ligand is likely
to bind to the protein in the pose provided to the model.

to be able to cheaply and accurately assess which molecules will bind to
the protein in order to avoid synthesising large numbers of inactive
molecules. Molecular docking tools (e.g. [29, 30, 31, 23]) utilise empirical
or knowledge-based scoring functions to predict the correct binding
mode of a ligand and estimate the binding affinity of the protein-ligand
complex. Docking protocols are widely used in virtual screening
campaigns to distinguish binders from non-binders and rapidly prioritise
a small number of promising molecules from a much larger library. There
has been significant interest in using machine learning methods for
virtual screening; their ability to learn complex relationships from data
without explicit parametric assumptions makes them an attractive
alternative to classical scoring functions. Early applications of ML
algorithms (e.g. [32, 33]) took a protein-ligand interaction fingerprint as
input and classified the ligand as a binder or non-binder; whilst these
models were often reported as exhibiting superior predictive accuracy to
classical scoring functions, subsequent studies raised concerns
surrounding their lack of sensitivity to changes in pose and their ability
to generalise to new targets [34, 35].

Inspired by the ability of convolutional neural networks (CNNs) to
capture important spatial information on image recognition tasks, several
authors sought to predict protein-ligand binding by using a docked
protein ligand complex as the input to a CNN. Compared to existing
fingerprint based virtual screening models, it was hypothesized that
CNN-based models, illustrated in Figure 3, would be better able to predict



binding affinity in a similar way to how an expert might, by identifying
ligand pharmacophores which have the potential to form interactions
with protein residues. Pereira et al [36] computed a set of features
(distances, partial atomic charges etc.) for each atom and employed a CNN
to capture the spatial information in these features and classify molecules
as actives or decoys. Three recent methods have utilised voxelised
representations of the protein and ligand, with each voxel containing
information regarding the presence or absence of different atom types
[37, 38, 39]. Two of these methods, [37, 39], demonstrated superior
predictive performance on a virtual screening task compared to Autodock
Vina [23] and existing machine learning scoring functions when the test
set was derived from the DUD-E set [40]. However, the models performed
comparably with existing scoring functions when tested on the MUV [41]
dataset, suggesting that, like other methods, these CNN models struggled
to generalise to novel targets. A follow-up study [42] illustrated that the
strong performance exhibited by models trained and tested on the DUD-
E dataset may well be driven by hidden biases in DUD-E which had
allowed the model to detect systematic differences between the actives
and decoys, rather than any ability of such models to learn protein-ligand
interactions from the data. In fact, it was shown that if the protein
structure was removed from the input to these models only minimal
degradation in performance was observed [42, 43]. To address this issue,
Scantlebury et al. [43] proposed a dataset augmentation technique where
the set of decoys used to train the model was augmented by active ligands
which had been assigned random conformations and randomly rotated
and translated. Under this formulation, to discriminate between the true
actives and the perturbed actives labelled as decoys, the model would be
forced to consider local protein structure. The performance of the model
proposed by Scantlebury et al. was degraded substantially by the
omission of the protein structure, illustrating that this model was more
dependent on protein structure for making predictions.

Whilst protein structure is playing an increasingly central role in deep
learning-based approaches to both compound design and protein-ligand
scoring, in general the models are provided with a single, static structure,
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Figure 4: Example visualisation of attribution in protein-ligand scoring for cAMP-
dependent Protein Kinase A in complex with ligand Y27 (PDB ID: 1Q8T), generated
using LIGPLOT [45]. Atoms with scores close to 1 are considered to make an
important contribution to the ligand binding to the protein; conversely, atoms with
a score close to 0 are considered to reduce the probability of binding.

restricting the ability of models to account for binding site flexibility.
There has been considerable interest in the application of machine
learning algorithms to conducting rapid molecular simulations in order
to account for protein flexibility (see [44] for a recent review). The
incorporation of such simulations into compound design and protein-
ligand scoring pipelines will be an important avenue of future research.
A key step in building greater trust in structure-based virtual
screening methods is the development of methods which allow users to
understand which features of a ligand meant that the model predicted it
would bind (Figure 4 illustrates an example protein-ligand complex
which has been assigned such attributions). Hochuli et al [46] proposed
several methods for visualising the influence specific atoms had on a CNN
model’s classification, for example by predicting the binding probability
using the whole protein-ligand complex and using the whole complex
with one atom removed; the difference in the two scores is then
considered to be the 'contribution’ of that atom to the model’s binding
decision. Brown et al [47] proposed a method which takes a congeneric
ligand series as input and predicts which substructures improve or
degrade binding affinity relative to other ligands in the series, allowing



easier iterative refinement. Additional methods for attribution have been
proposed [48, 49], although they do not consider the problem of protein-
ligand binding and instead restrict their focus to the identification of pre-
defined substructures within a molecule. Sanchez-Lengeling et al. [50]
recently proposed a set of metrics for the evaluation of attribution
methods, with the aim of facilitating the development of more
interpretable deep-learning models. The development of such methods is
an important step in the further integration of protein-ligand scoring
models into drug discovery campaigns, as existing models currently only
predict whether a specific ligand will bind to a protein but give no insights
as to which motifs play a key role in allowing binding to occur; accurate
methods for attribution would more easily allow practitioners to retain
important motifs and discard those which do not help the ligand to bind,
and could be used to inform the kinds of molecules made by generative
models.

Conclusion

Although the long-term hope of those developing generative models
is to fully automate the drug discovery process by inputting a protein
structure and receiving a highly potent ligand a short time later, it is clear
that for the foreseeable future human experts will remain an
indispensable part of molecule design. Generative models therefore need
to be easy to access and use and able to tailor the molecules they generate
to conform to one or more specified design hypotheses. Similarly, as well
as being able to distinguish binders from non-binders, virtual screening
models need to highlight important interactions which can allow
chemists and generative models to develop more promising molecules. A
key step in this direction is the creation of large, unbiased virtual
screening datasets, to allow models to learn important biophysical
interactions, rather than overfitting to ligand-specific biases.
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