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Abstract: Virtual screening - predicting which compounds within a specified compound library bind
to a target molecule, typically a protein - is a fundamental task in the field of drug discovery. Doing
virtual screening well provides tangible practical benefits, including reduced drug development
costs, faster time to therapeutic viability, and fewer unforeseen side effects. As with most applied
computational tasks, the algorithms currently used to perform virtual screening feature inherent
tradeoffs between speed and accuracy. Furthermore, even theoretically rigorous, computationally
intensive methods may fail to account for important effects relevant to whether a given compound
will ultimately be usable as a drug. Here we investigate the virtual screening performance of the
recently released GNINA molecular docking software, which uses deep convolutional networks
to score protein-ligand structures. We find, on average, that GNINA outperforms conventional
empirical scoring. The default scoring in GNINA outperforms the empirical AutoDock Vina scoring
function on 89 of the 117 targets of the DUD-E and LIT-PCBA virtual screening benchmarks with
a median 1% early enrichment factor that is more than twice that of Vina. However, we also find
that issues of bias linger in these sets, even when not used directly to train models, and this bias
obfuscates to what extent machine learning models are achieving their performance through a
sophisticated interpretation of molecular interactions versus fitting to non-informative simplistic
property distributions.
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1. Introduction

Virtual screening poses this problem: given a target molecule and a set of compounds,
rank the compounds so that all those that are active relative to the target are ranked ahead
of those that are inactive. An in vitro screen is the source of ground truth for this binding
classification problem, but there are at least four significant limitations associated with
such screening: time and cost limit the number of screens that can be run; only compounds
that physically exist can be screened this way; the screening process is not always accurate;
and in vitro activity against a given target is necessary but not sufficient for identifying
useful drugs (perhaps this is a separate problem from virtual or in vitro screening, but
from a practical standpoint it would be desirable to exclude compounds with problematic
properties from the beginning of a drug discovery campaign, and, in theory, a virtual
screening method could penalize such compounds in a ranking). Thus virtual screening
has attracted significant interest as a way of overcoming these limitations to identify strong
drug candidates at reduced cost.

Virtual screening methods can be broadly classified as ligand-based or structure-based.
Ligand-based methods rely on information about known active compounds and base their
predictions on the similarity between compounds in the screening database and these
known actives. No 3D structures are required, but at least one known active is. There
are many possible similarity metrics, but regardless of which is used, identifying truly
novel actives with this approach is unlikely. In contrast, structure-based approaches derive
from a model of the interaction between a protein and ligand, facilitating identification of
truly novel interactions between the two. A “scoring function” maps the input structure
representing the relative location and orientation of the pair of molecules to a score repre-
senting the strength of their interaction[1]. Several different approaches have been applied
to scoring function development, yielding four major classes. Force fields [2-10], empirical
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scoring functions [11-17], and knowledge-based functions (also referred to as statistical
potentials) [18-24] are known collectively as “classical” scoring functions, distinguishing
them from the newer machine learning (ML) scoring functions [25-32]. Briefly, force fields
rely on physics-based terms mostly representing electrostatic interactions; empirical scor-
ing functions may include counts of specific features as well as physics-inspired pairwise
potentials; and knowledge-based statistical potentials calculate close contacts between
molecules in structural databases and fit potentials biased toward structures that resemble
this reference data. In comparison, modern ML scoring functions tend to impose fewer
restrictions on the final functional form and attempt to learn the relevant features from
the data and prediction task itself (for example, they may consist of a neural network that
processes the structural input directly).

Because structure-based approaches rely on a representation of the binding mode
defined between the protein and ligand structures, the first step in using them is often
generating one or more plausible binding modes. A typical approach is to start from a
protein structure and use a scoring function to identify favorably scored conformations and
binding poses of all compounds of interest (i.e. “docking”) within a search space defined
on the surface of the protein. That scoring function may differ from the scoring function
that will be used to generate the final compound ranking for the virtual screen; a persistent
problem in this domain has been difficulty in simultaneously optimizing scoring functions
for accurate binding pose scoring and accurate compound ranking. This “pose prediction”
task should be fundamental to structure-based approaches to virtual screening, since these
approaches aim to use the physical interactions underlying binding to guide scoring. If
molecular interactions are not represented accurately by a pose used for scoring, the scoring
method will either be unable to accurately score the pose, or will accurately score the pose
for reasons unrelated to molecular interactions —i.e. it devolves to a ligand-based approach.
In practice, it has been found that for many ML scoring functions, accurate input poses are
not essential for good performance at binding affinity prediction [33].

Well-designed benchmarks can be constructed to require more than simple descriptors
derived solely from the ligand to achieve good virtual screening performance. Benchmarks
that are not designed to account for this bias are susceptible to delivering “state-of-the-
art” performance when used to train and evaluate ML scoring functions merely because
they can be perfectly classified using descriptors so simple that classical scoring functions
would never be so naive as to use them as the sole basis of a scoring model [37-39]. Such
biased benchmarks may have limited utility for evaluating an existing scoring function
- good performance on the benchmark could derive from either a uselessly simple or a
sophisticated model, and the dataset’s bias means that if the goal of the benchmark is to
predict a model’s ability to perform well on an unknown dataset, the benchmark may only
provide information about the model’s prospective performance on another dataset with
the same bias. These benchmarks may be of limited utility for training machine learning
scoring functions that generalize to real-world tasks, since training on them may merely
produce a model that recapitulates their biases. Thus while these biased benchmarks
could have served as acceptable assessments of classical scoring functions, where the
explicit design choices made by human researchers eschewed the achievement of perfect
performance via exploitation of dataset bias, fitting modern machine learning scoring
functions to them risks creating models that have been “taught to the test” and cannot be
expected to generalize beyond it.

Once problems with an existing dataset are identified, the challenge of constructing
an improved alternative remains; this problem, combined with the need to compare
new scoring functions with existing published results for older scoring functions (which
may have exclusively had access to benchmarks now deemed problematic), ensures the
continued relevance of now disfavored benchmarks. Such is the case with DUD [34],
DUD-E [35], and MUYV [36], three virtual screening benchmarks that have been widely
used to assess scoring functions in the literature.
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More recent literature [37-39] has demonstrated that both MUV and DUD-E are
biased and are likely to be unsuitable for training or even validating machine learning
scoring functions. Sieg et al. [37] found that for DUD, DUD-E, and MUYV, better-than-
random (and in the case of DUD and DUD-E, perfect) AUCs could be obtained merely
by fitting cross-validated models on exactly the simple chemical descriptors that the
dataset developers had attempted to control for during dataset construction. For DUD-E,
synergistic effects were associated with using multiple descriptors together; the authors
note that this probably derives from the construction process, which matches each feature
separately in its one-dimensional feature space, unlike MUV, which considers distances
within the multidimensional feature space. Accordingly, the authors find that MUV does
not afford synergistic performance when including additional features. Wallach and Heifets
[38] explain that MUV considered only the difference between active-active and active-
inactive distances, omitting a comparison of inactive-inactive distances; since class labels
for machine learning models are arbitrary, the MUV approach may produce datasets where
“actives” are not clumped but the “inactives” are, and a machine learning scoring function
can in principle learn from the intraclass similarity of either class. Further, as Sieg et al.
[37] point out, the MUV dataset was constructed for ligand-based similarity search, and
therefore it is likely to be inappropriate for benchmarking machine learning methods due
to inherent analogue bias. Finally, Chen et al. [39] note that there is high similarity among
inactives across targets in DUD-E, biasing that benchmark even further.

In their paper describing the limitations of only considering distances relative to
actives in the MUV dataset construction approach, Wallach and Heifets [38] propose
Asymmetric Validation Embedding (AVE), an improved measure of bias that considers
clumping among inactives and between examples from the same class used in the training
and validation sets. They do not construct a new dataset using AVE, however; rather, Tran-
Nguyen et al. [40] first reported a novel dataset, LIT-PCBA, that used AVE for unbiasing and
was explicitly designed for training and validation of machine learning scoring functions.
It consists of 15 target sets, with 9780 actives and 407,839 inactives (some duplicated across
multiple targets) after initial filtering. These values were reduced to 7844 unique actives
and 407,381 unique inactives after AVE unbiasing. Thirteen of these targets have more than
one PDB template provided as a reference receptor structure. All compounds are taken
from assay data and therefore all inactives have experimental support for inactivity. The
authors also confirmed that the included actives were not too biased toward high affinity
compounds (i.e. the actives have typical potencies found in HTS decks) and that they were
diverse when compared with other actives included for a given target. For all included
targets, an EF1% > 2 was achievable by at least one of a fingerprint-based, shape-based,
or structure-based approach prior to AVE unbiasing (no such threshold was imposed on
minimum performance for inclusion after unbiasing). Unfortunately, the majority of the
primary assays used by LIT-PCBA are cell-based phenotypic assays (see Table ??) and so
most actives are not validated against their putative target. In fact, in at least one LIT-PCBA
target (MAPKI1) there are actives that were experimentally determined to selectively inhibit
an alternative target (EGFR) [? ]. This implies that that, for target-based approaches,
LIT-PCBA has an unknown number of incorrectly labeled actives.

Here we do not attempt to address the challenging problem of constructing a truly
unbiased virtual screening benchmark appropriate for training machine learning models.
Instead, we evaluate the convolutional neural network (CNN) models of the recently
released GNINA 1.0 molecular docking software [? | on the established DUD-E [35] and
LIT-PCBA [40] benchmarks. These models were trained for affinity prediction and pose
selection and were not directly trained for virtual screening performance. We find that, on
average, GNINA outperforms classical empirical scoring on these benchmarks. However,
despite training for different outcomes and having minimal overlap in the raw training
and test set data, we still find an underlying historical ligand-only bias that obfuscates the
predictive power of these models.
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Figure 1. Voxelized grid-based CNN architectures evaluated in this work.

2. Methods

We evaluate the built-in CNN models of GNINA on established virtual screening
benchmarks and compare to multiple alternative scoring approaches, including evaluating
ligand-only models trained on simple chemical descriptors.

2.1. Models

The GNINA approach to using machine learning for molecular modeling is based on
using 3D grids derived from voxelizing a fixed-size box centered on a protein binding
site [41,41,42,42-44]. Our previous virtual screening evaluations [41,42,45] used older, less
validated model architectures and were explicitly trained for the virtual screening task,
which resulted in fitting to benchmark bias [37,39].

Here we evaluate the latest model ensembles [44] available in GNINA, which are based
on the two architectures, Default2018 and Dense, shown in Figure 1. CNN models are used
to score and rank poses generated using the AutoDock Vina [17] scoring function and Monte
Carlo search, as integrating CNN scoring earlier in the docking pipeline was not found to
be beneficial and came with a significant computational cost [? ]. GNINA 1.0 contains four
pre-trained model ensembles using these two model architectures and different training
sets. These model ensembles contain five models trained with five random seeds. The
default model ensemble (“Default”) is constructed from individual models of these four
ensembles to balance computational cost and predictive performance [? ]. In addition to
evaluating this default ensemble, we also show results for the General ensemble, which
combines the simplest model, Default2018, with the smallest training set, redocked poses
from the 2016 PDBbind General set, and the Dense ensemble, which combines the largest
model with the largest training set, CrossDocked2020 [44]. The variations in architecture
and training data allow us to compare the effects of these aspects of the CNN scoring
functions on virtual screening performance, while the ensembles themselves are expected
to improve average predictive accuracy by reducing the effects of bias from individual
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learners [47] and in theory allow us to approximate the uncertainty in our predictions
[48,49].

Note that none of these models were trained to perform virtual screening. Their
outputs do not classify an input as “active” or “inactive” directly, nor were they provided
distinctly “active” or “inactive” compounds as input examples (i.e. they were not trained
on any virtual screening datasets). Instead, they were simultaneously trained to predict
whether a given input is a binding mode (<2A RMSD) and, if so, what its affinity would
be; if a pose is not a binding mode, the affinity is instead optimized to be lower (in pK
units) than the true binding affinity for that compound. Consequently, the models produce
both a pose score and an affinity prediction; e.g., a weak binder with a correct pose should
have a high pose score and a low predicted affinity.

2.2. Metrics

We primarily use the area under the receiver operating characteristic curve (AUC)
and top 1% enrichment factor (EF1%) to assess performance. The AUC assesses the quality
of the entire ranking of compounds, with a perfect ranking receiving a 1.0 and a random
ranking 0.5. From a practical standpoint, the ability of a method to provide a set of
compounds highly enriched for actives as its top ranked compounds is highly desirable for
virtual screening. EF1% is the ratio of the percentage of actives in the top 1% of ranked
compounds to the overall percentage of actives. Unfortunately, the best possible EF1%
varies depending on the number of actives and inactives, making it difficult to compare
performance across benchmarks. To address this, the normalized EF1% [53] (NEF1%)
divides the EF1% by the best achievable EF1% so that 1.0 means that as many actives as
possible are ranked in the top 1% and zero means that none are.

2.3. Benchmarks

We use DUD-E and the more recently published LIT-PCBA dataset to assess virtual
screening performance. DUD-E is primarily used to facilitate comparisons with published
work. LIT-PCBA is appealing due to its apparently principled construction and the fact
that all actives and inactives were drawn directly from a single assay per target; even
though we do not use the training and validation splits and instead assess our performance
on the full dataset, it still features diverse and more typical (lower) potency actives, and
topological similarity between actives and inactives. Each target that was included in the
final LIT-PCBA benchmark could reach at least EF1%=2 using a fingerprint-based, shape-
based, or structure-based method prior to AVE unbiasing, further evidence of its suitability
as a benchmark. Despite these virtues, its reliance on primarily cell-based assays and lack
of target validation for active compounds may limit the best achievable performance on
this benchmark. Nonetheless, the distinctly different methods of construction of the two
datasets makes for an interesting contrast when evaluating virtual screening approaches
(e.g., see score distributions in Figures S5 and S6).

Neither evaluation dataset was used for training. Nearly all the ligands in these
datasets lack an experimentally determined protein-ligand structure. Previous work [41]
found that when training without known poses (i.e. using computer-generated putative
poses) the learned models were effectively ligand-based. DUD-E’s known bias also suggests
that it is unsuitable for model fitting, but that does not necessarily imply that it is useless
for evaluating a model fit on other data, as we do here, since the model is not fit to
DUD-E’s biases (at least not directly, but there is still some risk of exploiting bias to gain
performance due to shared bias between datasets). Further, there is utility in comparing
model performance when testing on an independent dataset versus performing cross-
validation, since improved performance at classification on a dataset when training on
a subset of it could be due to dataset-wide bias artificially enhancing performance (as
appears to be the case with DUD-E, where similarity among inactives between targets
constitutes test set leakage [39]).
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DUD-E ‘ MUV

molecular weight
number of hydrogen bond acceptors | number of hydrogen bond acceptors

number of hydrogen bond donors number of hydrogen bond donors
number of rotatable bonds

logP logP

net charge

number of all atoms
number of heavy atoms
number of boron atoms
number of bromine atoms
number of carbon atoms
number of chlorine atoms
number of fluorine atoms
number of iodine atoms
number of nitrogen atoms
number of oxygen atoms
number of phosphorus atoms
number of sulfur atoms
number of chiral centers
number of ring systems

6 features 17 features

Table 1. Descriptors used in the construction of DUD-E and MUV

2.4. Comparisons

Since most of the poses we use for training and scoring are generated with the smina
[11] fork of AutoDock Vina [17], we take Vina as our empirical scoring function baseline.
We also compare with Vinardo [50], a modified version of the Vina scoring function that
aims to improve performance at pose prediction, binding affinity prediction, and virtual
screening. We also include virtual screening results from two versions of RFScore (RFScore-
VS [51], which was trained on DUD-E, and RFScore-4 [33], which was trained on the 2014
PDBBind refined set). These two random forest based scoring functions are an interesting
contrast to our approach: RFScore-4 has similar training data to ours but is a different type
of statistical model that was fit to predict binding affinity with a different training strategy
and distinct features, while RFScore-VS was trained specifically for virtual screening.

We used docked poses we had previously generated (and used for rescoring [32]) for
DUD-E, obtained with the default smina arguments -seed 0 -autobox_add 4 -num_modes
9 and a box defined by the crystal ligand associated with the DUD-E reference receptor.
For LIT-PCBA we used -seed 0 -autobox_add 16 -num_modes 20. We used our CNN
models, RFScore-VS, and RFScore-4 to rescore and rank these poses generated with the
Vina scoring function. For Vinardo scoring, we generated new poses using Vinardo to
generate a new set of poses (e.g. appending -scoring vinardo to the command-line) as,
unlike the ML scoring functions, it was designed to be incorporated into the full docking
pipeline. A method’s best predicted score for a (target, compound) pair was taken as its
prediction except where noted otherwise. For DUD-E there is a single reference receptor
per target, while LIT-PCBA typically provides more than one. In the case of multiple
reference receptors, we docked into all provided receptors and took the maximum score
over all of them.

Finally, we also establish baseline performance using a variety of statistical models fit
to our training datasets with the simple chemical descriptors used in the construction of
DUD-E and MUYV as their input features. These include linear and nonlinear regression
models (Lasso, K-nearest neighbors, Decision Tree, Random Forest, Gradient Boosted Tree,
and Support Vector regressors) available through sklearn [52]. The associated descriptors
are shown in Table 1.

3. Results

First we summarize virtual screening performance of the GNINA convolutional neural
networks, initially comparing with Vina, Vinardo, RFScore-4, and RFScore-VS. We also
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Model DUD-E LIT-PCBA
AUC | NEF1% | EF1% | AUC | NEF1% | EF1%
RFScore-4 0.683 | 0.0514 3.02 0.6 0.013 1.28
RFScore-VS 0963 | 0.857 519 | 0.542 | 0.00733 | 0.733
Vina 0.745 | 0.118 7.05 | 0.581 0.011 1.1
Vinardo 0.764 | 0.187 114 | 0.577 | 0.0103 0.99

General (Affinity) | 0.756 | 0.179 11.6 | 0.579 | 0.037 2.06
General (Pose) 0.702 | 0.156 10.3 | 0.498 | 0.0147 1.3
Dense (Affinity) | 0.795 0.27 17.7 | 0.616 | 0.037 2.58

Dense (Pose) 0.767 | 0.313 204 | 0.514 | 0.0238 | 1.81
Default (Affinity) | 0.795 | 0.258 15.6 | 0.611 | 0.0238 1.88

Default (Pose) 0.744 | 0.241 15.8 | 0.512 | 0.0147 1.47
Table 2. Median AUCs, NEF1% and EF1% values on DUD-E and LIT-PCBA. Mean values are
provided in Table ??. The best CNN model value for each column is shown in bold. Models
whose distributions of per-benchmark metrics are not statistically dissimilar to the model in bold (as
computed with a Mann-Whitney U rank test, p-value > 0.05) are shown in italic. RFScore-VS is the
only model that was trained on DUD-E.

assess pose prediction performance on the reference receptors provided with LIT-PCBA,
which in 13 out of 15 cases involve multiple protein templates and therefore can be used
to construct cross-docking tasks. Finally, we attempt to explain aspects of the observed
performance, in particular taking inspiration from Sieg et al. [37] and establishing a baseline
ML model fit to the “simple” chemical descriptors calculated for our training sets (Table 1).
We can thereby compare our performance on the test sets to this baseline in order to assess
the potential influence of shared dataset bias on performance.

3.1. Virtual Screening Performance

Virtual screening performance is shown in Table 2, with AUCs shown in Figure 2,
NEF1% in Figure 3, and EF1% in Figure ??. Per-target confidence intervals are provided in
Figures ?? — ??. We provide AUCs for comparison with other literature, but NEF1%, which
assesses early enrichment, affords a better measure of virtual screening performance.

For all models, average performance according to either metric is better on DUD-E
than on LIT-PCBA. In the case of RFScore-VS, which has the best performance on DUD-E
(median AUC of 0.96) and the worst performance on LIT-PCBA (median AUC of 0.60), the
performance discrepancy between the two benchmarks suggests that its performance on
DUD-E is not an accurate representation of its generalization ability, likely due to the data
biases discussed previously. REScore-4 has virtual screening performance comparable to
other methods tested (particularly Vina), despite not being trained with inactive examples,
which have previously been suggested to be essential [51] for good virtual screening
performance. Among the CNN models, the affinity score tends to provide better virtual
screening performance than the pose score, and the Dense models generally perform best.
In most cases, the significantly faster Default ensemble performs nearly as well as the
Dense ensemble (median AUCs of 0.79 and 0.61 for Default versus 0.80 and 0.62 for Dense
on DUD-E and LIT-PCBA respectively), affirming its selection as the default model in
GNINA.

The LIT-PCBA paper reports EF1% for three baseline methods: fingerprints, ligand
shape overlap, and Surflex-Dock (SD), a structure-based docking method. Each target
that was included in the final LIT-PCBA benchmark could reach at least EF1%=2 by at
least one of those three methods prior to AVE unbiasing. Interestingly, there is no clear
correlation between our observed performance and the previously reported performance.
For example, there are targets that were amenable to Surflex-Dock (OPRK1, ADRB2) that
most of our structure-based approaches performed poorly on, and targets where only
ligand-based approaches were reported to perform well (ESR, IDH1) where most of our
models performed well (see Figure ??). This could be due to sampling differences between
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Surflex-Dock and Vina/Vinardo, but it could also be evidence of ligand-based shape or 2D
descriptors being incorporated into the ML models.

The CNN predictions (particularly the affinity values) outperform other approaches.
On LIT-PCBA, which was designed to more closely resemble true HTS experiments and
on which none of the methods were directly trained, all the CNN models exhibit a larger
average early enrichment than the other methods (although the improvement is not always
statistically significant). Across the 102 DUD-E targets and 15 LIT-PCBA targets, there are
only 24 targets where Vina has a statistically significant improvement in NEF1% perfor-
mance relative to Default ensemble affinity scoring, but the Default is significantly better
for 89 targets compared to Vina. Full per-target comparisons of all models with the Default
ensemble with 95% confidence intervals are shown in Figures ?? — 2.

images/rmsd_topn_percent.pdf

Figure 4. Assessment of cross-docking performance on LIT-PCBA structures. The percent of a
target’s compounds with a good pose at ranks 1, 3, and 5, averaged across all thirteen targets in
LIT-PCBA with more than one template available is shown. Labeled horizontal lines show the best
performance possible with the poses sampled by Vina and Vinardo.

3.2. Pose Prediction Performance

Next we examine the CNN ensemble’s pose prediction performance on the templates
provided with LIT-PCBA. When more than one template was provided, we cross-docked
each crystal ligand into every available non-cognate structure and used each scoring
function to rank the resulting poses. The CNN models were used to rescore Vina-generated
poses, and all these were compared with Vinardo, which was derived from Vina but
intended to improve its pose prediction performance. Such an improvement did not
manifest on this benchmark, as shown by the average fraction of compounds with a “good”
(< 2A RMSD) pose sampled at ranks 1, 3, and 5 in Figure 4 (per-target results are shown in
Figure ??). The CNN models improve on Vina’s pose ranking, whether using the output
from the pose layer (which was trained to predict whether a given pose is a binding
mode) or affinity layer (which was trained to predict binding affinity, in a manner that is
pose-sensitive). Interestingly, there is no statistically significant correlation between model
performance at pose prediction and virtual screening performance (Figure ??), although we
note there are orders of magnitude fewer ligands available for pose prediction performance
estimation than for virtual screening.

3.3. Understanding Performance

We would like to understand the mechanisms underlying virtual screening perfor-
mance; we would especially like to examine whether our predictions are pose sensitive,
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images/dude-allmethods_auc_boxplot.pdf

images/lit-pcba-allmethods_auc_boxplot_markers.pdf

Figure 2. Assessment of virtual screening performance on DUD-E-AUC DUD-E and LIT-PCBA-AUC LIT-PCBA using the
AUC metric. The x-axis is sorted in order of increasing median performance. Each data point is the area under the curve of
the ROC curve (AUC) of the method on a single target. LIT-PCBA targets are shown with distinctive individual markers.
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images/dude-allmethods_nefl_boxplot.pdf
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Figure 3. Assessment of virtual screening performance on DUD-E-NEF DUD-E and LIT-PCBA-NEF LIT-PCBA using
the NEF1% metric. The x-axis is sorted in order of increasing median performance. Each data point is the normalized
1% enrichment factor (NEF1%) of the method on a single target. LIT-PCBA targets are shown with distinctive individual

markers. EF1% results are shown in Figure ??.
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whether trivial descriptors are the primary basis of model performance, and whether
performance is predictable based on similarity to training data.

First, we check whether our virtual screening predictions are pose sensitive by compar-
ing NEF1% when basing a compound’s prediction on its highest- versus its lowest-ranked
pose. The assumption is that the lowest-ranked pose will be the lowest quality and lack
realistic protein-ligand interactions. A model that performs well with low quality poses is
likely using primarily ligand-only information and is ignore protein-ligand interactions.
Figure 5 shows this assessment for the Default ensemble. Other methods are shown in
Figures ?? and ??. All methods exhibit some pose sensitivity, with the top-ranked pose
generally exhibiting better performance and the bottom ranked pose often providing no
enrichment, but there are also cases where non-random performance is achievable with
even the lowest-ranked pose, and every model also has at least one task for which choos-
ing the lowest-ranked pose outperforms the highest-ranked one. This suggests that pose
information is being used but (1) it is not always correct and (2) it is likely not the sole basis
of the prediction.

Next we investigated the set of “simple chemical descriptors” that are known to
afford perfect performance on DUD-E when used to fit models [37]. Since none of the
CNN models were fit to DUD-E (nor indeed to any virtual screening dataset), we might
hope to have avoided fitting models that derive their performance from these descriptors.
However, these descriptors are useful because of historical bias in the underlying datasets
from which most benchmarks are drawn, so it is entirely possible for models fit to other
datasets to have a bias with respect to these descriptors. In Francoeur et al. [44], motivated
by this consideration, we assessed similar “Simple Descriptor” models for performance
at binding affinity prediction on PDBbind and Pocketome test sets and found them to
have better-than-random and, in some cases, competitive to state-of-the-art performance.
Therefore it seems necessary to compare virtual screening performance to the baseline
established by one or more reasonably trained models that use these simple descriptors.

To that end, we establish a performance baseline by fitting a variety of linear and
nonlinear regression models (Lasso, K-nearest neighbors, Decision Tree, Random Forest,
Gradient Boosted Tree, and Support Vector regressors) available through sklearn [52] to
the ligand affinity data associated with the CNN models’ training sets (PDBbind 2016 and
CrossDock2020). For features, we use the descriptors used in the construction of DUD-E,
the descriptors used in the construction of MUYV (see Table 1), or ECFP4 fingerprints as
implemented in OpenBabel [54]. Hyperparameter optimization was performed for all
models via cross-validation on the PDBbind-Refined 2016 set. We then evaluate how these
“simple descriptor” models perform at virtual screening on our test sets.

In Figure 6, we take the maximum performance per-target across any of the simple
descriptor models and compare it with the Default ensemble affinity score. Comparisons
with additional models are provided in Figures ?? and ??. Note that since the best per-
forming model for each target is selected, this is not intended to be a fair comparison, but
instead suggest an upper-bound for how well a ligand-only model can perform given the
ideal model class, descriptors, and training set for a target. The Default ensemble generally
performs well, outperforming all simple descriptor models on 77 out of 117 targets, but it
is worth noting that even when cross-training for different purposes (affinity prediction
vs. virtual screening) and on different training sets, simple, ligand-only descriptors can
often exhibit better than random performance. Early enrichment performance for different
descriptors and training sets is shown in Figure 7. Simple descriptor model performance
seems to be uncorrelated with the size of the training set and to depend primarily on the
chosen descriptors, with the simplest descriptors (DUD-E) performing best and the most
complex (ECFP4) worst.

Next we consider similarity between training and benchmark datasets. Figure 8 plots
the early enrichment performance (NEF1%) of the Default ensemble on each target versus
the similarity between actives in the benchmark and training set compounds (other models
are shown in Figures ??-??). Similarities are computed using the Tanimoto coefficient of
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Figure 7. Early enrichment as measured by desc-NEF NEF1% and desc-EF EF1% of best-performing ligand-only descriptor
models when trained on different descriptors (ECFP4, MUV, DUDE-E — see Table 1) using training sets of different sizes
and compositions (Refined and General from the PDBbind [? ] and CrossDock2020 [44]). Each dot represents the best
performing model for a DUD-E or LIT-PCBA target. Performance of the Default ensemble is provided for reference.
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Figure 8. Correlation between similarity with training set and early enrichment perfor-
mance for the Default ensemble simcorraff affinity and simcorrscore pose scoring. For each
benchmark, the average of the maximum similarity between active compounds and the
PDBbind General set is computed using the Tanimoto coefficient of ECFP4 fingerprints.
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Figure 9. Early enrichment using score combinations. NEF1% performance of the Default ensemble
on both DUD-E and LIT-PCBA targets is shown. The two-sided Mann-Whitney U rank test is used to
compute p-values. Other metrics are shown in Figure ?2.

ECFP4 fingerprints. Only actives are considered since the training set does not include
any inactive compounds. For each target active, the maximum similarity with any training
set compound is computed and the average of these similarities is taken to represent the
similarity of that target’s actives with the training set. There is a statistically significant
correlation (Spearman p of 0.45 and 0.50 for affinity and pose scoring respectively) between
training similarity and early enrichment performance. However, there exists a moderate
correlation even for the non-ML models (Spearman p of 0.21 and 0.34 for Vina and Vinardo,
respectively, see Figure ??), suggesting that this trend is not entirely due to learned training
set bias.

3.4. Score Adjustment

Finally, we consider two straightforward combinations of the pose and affinity score
(more sophisticated methods [48? ? ] of consensus scoring are left for future investigation).
Pose and affinity scores are combined either by taking the predicted affinity of the pose
with the best pose score, or by multiplying the affinity and pose scores. As shown in Figure
9, simply multiplying scores results in a modest boost in virtual screening performance,
although the difference in score distributions has minimal statistical significance, especially
compared to affinity scores (p=0.053). Nonetheless, this multiplication score is generated
in GNINA outputs as the CNN_VS score, for easier ranking of hits.

4. Conclusion

Dataset bias is a serious obstacle to applying data-driven approaches to solve problems
in drug discovery. Unless care has been taken to assess the bias of a dataset and unbias
accordingly, machine learning models fit to that dataset will learn its bias. Since many of the
existing biases are historical, it is entirely possible to subsequently evaluate performance
on a test dataset that shares similar biases and inaccurately report improvements in gener-
alization when in fact the resulting model is worse at generalizing than the conventional
scoring functions that predate it. The community is still developing appropriate datasets
and evaluation methods to ensure that we can effectively leverage data without fitting to
the artifactual patterns it contains.

A recent study of 14 machine learning scoring functions for virtual screening found
that none of them outperformed classical scoring functions, except for RFScore-VS, which
only performed well on DUD-E (the dataset to which it was fit) [57]. Here we have
demonstrated that machine learning models fit for binding affinity prediction and pose
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106 selection, specifically the CNN models of the GNINA molecular docking package, can
17 be used for virtual screening, and they outperform classical empirical scoring methods.
1e  Further, we show that, in most cases, these models significantly outperform models fit
100 to the same training data using simple chemical descriptors. Although there remains
10 substantial room for improvement, these results support the use of GNINA as an alternative
11 to AutoDock Vina or smina when performing virtual screens.

112 Supplementary Materials: The following are available online at https://www.mdpi.com//1/1
13 /0/s1, Table ??: Analysis of LIT-PCBA assays, Table ??: Mean AUCs, NEF1% and EF1% values

16 metrics and methods, Figure ??: Assessment of virtual screening performance using EF1%, Figure ??:
117 Correlation between EF1% and pose prediction performance, Figure ??: Per-target pose prediction

120 enrichment performance, Figure ??: Performance of pose/affinity score combinations, Figures S5-56:
121 Score distributions and correlations for different methods.

122 Author Contributions: Conceptualization, methodology, software, data curation, investigation,
123 formal analysis, visualization, writing: ].S. and D.K,; funding acquisition: D.K. All authors have read
124 and agreed to the published version of the manuscript.

125 Funding: Research reported in this publication was supported by the National Institute of General
126 Medical Sciences of the National Institutes of Health under award number R0O1GM108340.

127z Data Availability Statement: Docked poses and scores are available at http://bits.csb.pitt.edu/files/
128 gninavs.

120 Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design
130 of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or
131 in the decision to publish the results.

References

1.

10.

11.

12.

Huang, S.-Y.; Grinter, S. Z.; Zou, X. Scoring functions and their evaluation methods for protein-ligand docking: recent advances
and future directions. Physical Chemistry Chemical Physics 2010, 12, 12899-12908.

Harder, E. et al. OPLS3: A Force Field Providing Broad Coverage of Drug-like Small Molecules and Proteins. J. Chem. Theory
Comput. 2016, 12, 281-296.

Yin, S.; Biedermannova, L.; Vondrasek, J.; Dokholyan, N. V. MedusaScore: An Accurate Force Field-Based Scoring Function for
Virtual Drug Screening. Journal of Chemical Information and Modeling 2008, 48, 1656—1662.

Case, D. A; Cheatham, T. E.; Darden, T.; Gohlke, H.; Luo, R.; Merz, K. M.; Onufriev, A.; Simmerling, C.; Wang, B.; Woods, R.J.
The Amber biomolecular simulation programs. J. Comput. Chem. 2005, 26, 1668-1688, [PubMed:16200636] [PubMed Cen-
tral:PMC1989667] [d0i:10.1002 /jcc.20290].

Cheng, T,; Li, X,; Li, Y.; Liu, Z.; Wang, R. Comparative assessment of scoring functions on a diverse test set. | Chem Inf Model 2009,
49, 1079-93, [PubMed:19358517] [d0i:10.1021 /ci9000053].

Ewing, T. J.; Makino, S.; Skillman, A. G.; Kuntz, I. D. DOCK 4.0: search strategies for automated molecular docking of flexible
molecule databases. | Comput Aided Mol Des 2001, 15, 411-28, [PubMed:11394736].

Brooks, B. R.; Bruccoleri, R. E.; Olafson, B. D. CHARMM: A program for macromolecular energy, minimization, and dynamics
calculations. J. Comput. Chem. 1983, 4, 187-217.

Lindahl, E.; Hess, B.; Van Der Spoel, D. GROMACS 3.0: a package for molecular simulation and trajectory analysis. . Mol. Model.
2001, 7, 306-317.

Jorgensen, W. L.; Maxwell, D. S.; Tirado-Rives, J. Development and testing of the OPLS all-atom force field on conformational
energetics and properties of organic liquids. J. Am. Chem. Soc. 1996, 118, 11225-11236.

Jones, G.; Willett, P.; Glen, R. C.; Leach, A. R.; Taylor, R. Development and validation of a genetic algorithm for flexible docking. |
Mol Biol 1997, 267, 727-48, [PubMed:9126849] [d0i:10.1006 /jmbi.1996.0897].

Koes, D. R.; Baumgartner, M. P.; Camacho, C. ]. Lessons learned in empirical scoring with smina from the CSAR 2011 benchmarking
exercise. Journal of chemical information and modeling 2013, 53, 1893-1904.

Eldridge, M. D.; Murray, C. W.; Auton, T. R.; Paolini, G. V.; Mee, R. P. Empirical scoring functions: I. The development of a fast
empirical scoring function to estimate the binding affinity of ligands in receptor complexes. ] Comput Aided Mol Des 1997, 11,
42545, [PubMed:9385547].


https://www.mdpi.com//1/1/0/s1
https://www.mdpi.com//1/1/0/s1
https://www.mdpi.com//1/1/0/s1
http://bits.csb.pitt.edu/files/gninavs
http://bits.csb.pitt.edu/files/gninavs
http://bits.csb.pitt.edu/files/gninavs
http://www.ncbi.nlm.nih.gov/pubmed/16200636
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC1989667
http://dx.doi.org/10.1002/jcc.20290
http://www.ncbi.nlm.nih.gov/pubmed/19358517
http://dx.doi.org/10.1021/ci9000053
http://www.ncbi.nlm.nih.gov/pubmed/11394736
http://www.ncbi.nlm.nih.gov/pubmed/9126849
http://dx.doi.org/10.1006/jmbi.1996.0897
http://www.ncbi.nlm.nih.gov/pubmed/9385547
https://doi.org/10.20944/preprints202111.0329.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 November 2021 d0i:10.20944/preprints202111.0329.v1

18 of 19

13.

14.

15.

16.

17.

18.
19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.
35.

36.

37.

38.

39.

40.

41.

42.

Bohm, H. J. The development of a simple empirical scoring function to estimate the binding constant for a protein-ligand complex
of known three-dimensional structure. ]. Comput.-Aided Mol. Des. 1994, 8, 243-256, [PubMed:7964925].

Wang, R.; Lai, L.; Wang, S. Further development and validation of empirical scoring functions for structure-based binding affinity
prediction. J. Comput.-Aided Mol. Des. 2002, 16, 11-26, [PubMed:12197663].

Korb, O,; Stiitzle, T.; Exner, T. E. Empirical scoring functions for advanced protein-ligand docking with PLANTS. J. Chem. Inf.
Model. 2009, 49, 84-96, [PubMed:19125657] [d0i:10.1021/¢i800298z].

Friesner, R. A.; Banks, J. L.; Murphy, R. B.; Halgren, T. A ; Klicic, J. J.; Mainz, D. T.; Repasky, M. P.; Knoll, E. H.; Shelley, M;
Perry, J. K.; Shaw, D. E.; Francis, P.; Shenkin, P. S. Glide: a new approach for rapid, accurate docking and scoring. 1. Method and
assessment of docking accuracy. ] Med Chem 2004, 47, 173949, [PubMed:15027865] [d0i:10.1021 /jm0306430].

Trott, O.; Olson, A. J. AutoDock Vina: improving the speed and accuracy of docking with a new scoring function, efficient
optimization, and multithreading. Journal of computational chemistry 2010, 31, 455-461.

Huang, S.Y.; Zou, X. Mean-Force Scoring Functions for Protein-Ligand Binding. Annu. Rep. Comp. Chem. 2010, 6, 280-296.
Muegge, I.; Martin, Y. C. A general and fast scoring function for protein-ligand interactions: a simplified potential approach. ] Med
Chem 1999, 42, 791-804, [PubMed:10072678] [d0i:10.1021 /jm980536j].

Gohlke, H.; Hendlich, M.; Klebe, G. Knowledge-based scoring function to predict protein-ligand interactions. J. Mol. Biol. 2000,
295, 337-356.

GOAP: a generalized orientation-dependent, all-atom statistical potential for protein structure prediction. Biophys. J. 2011, 101,
2043-52, [PubMed:22004759] [PubMed Central:PMC3192975] [doi:10.1016/j.bpj.2011.09.012].

Mooij, W. T.; Verdonk, M. L. General and targeted statistical potentials for protein-ligand interactions. Proteins 2005, 61, 272-87,
[PubMed:16106379] [d0i:10.1002/ prot.20588].

Ballester, P. J.; Mitchell, J. B. O. A machine learning approach to predicting protein-ligand binding affinity with applications to
molecular docking. Bioinformatics 2010, 26, 1169, [PubMed:20236947] [d0i:10.1093 /bioinformatics /btq112].

Huang, S. Y.; Zou, X. An iterative knowledge-based scoring function to predict protein-ligand interactions: II. Validation of the
scoring function. J. Comput. Chem. 2006, 27, 1876-1882, [PubMed:16983671] [doi:10.1002 /jcc.20505].

Li, J.; Fu, A,; Zhang, L. An overview of scoring functions used for protein-ligand interactions in molecular docking. Interdisciplinary
Sciences: Computational Life Sciences 2019, 1-9.

Durrant, J. D.; McCammon, J. A. NNScore 2.0: A Neural-Network Receptor-Ligand Scoring Function. ]. Chem. Inf. Model. 2011, 51,
2897-2903.

Ballester, P. J.; Mitchell, J. B. O. A machine learning approach to predicting protein-ligand binding affinity with applications to
molecular docking. Bioinformatics 2010, 26, 1169-1175.

Hassan, M. M.; Mogollon, D. C.; Fuentes, O.; Sirimulla, S. DLSCORE: A Deep Learning Model for Predicting Protein-Ligand
Binding Affinities. ChemRxiv 2018,

Wojcikowski, M.; Kikielka, M.; Stepniwska-Dziubinska, M. M.; Siedlecki, P. Development of a protein-ligand extended connectivity
(PLEC) fingerprint and its application for binding affinity predictions. Bioinformatics 2018, bty757.

Shen, C.; Ding, J.; Wang, Z.; Cao, D.; Ding, X.; Hou, T. From machine learning to deep learning: Advances in scoring functions for
protein-ligand docking. Wiley Interdiscip. Rev.: Comput. Mol. Sci. 2020, 10, e1429.

Li, H.; Sze, K.-H.; Lu, G.; Ballester, P. J]. Machine-learning scoring functions for structure-based drug lead optimization. Wiley
Interdiscip. Rev.: Comput. Mol. Sci. n/a, e1465.

Ragoza, M.; Hochuli, J.; Idrobo, E.; Sunseri, J.; Koes, D. R. Protein-Ligand scoring with Convolutional neural networks. Journal of
chemical information and modeling 2017, 57, 942-957.

Li, H;; Leung, K.-S.; Wong, M.-H.; Ballester, P. J. Correcting the impact of docking pose generation error on binding affinity
prediction. BMC bioinformatics 2016, 17, 308.

Huang, N.; Shoichet, B. K.; Irwin, J. . Benchmarking sets for molecular docking. Journal of medicinal chemistry 2006, 49, 6789—-6801.
Mysinger, M. M..; Carchia, M.; Irwin, J. J.; Shoichet, B. K. Directory of useful decoys, enhanced (DUD-E): better ligands and decoys
for better benchmarking. Journal of medicinal chemistry 2012, 55, 6582-6594.

Rohrer, S. G.; Baumann, K. Maximum unbiased validation (MUV) data sets for virtual screening based on PubChem bioactivity
data. Journal of chemical information and modeling 2009, 49, 169-184.

Sieg, ].; Flachsenberg, F.; Rarey, M. In need of bias control: evaluating chemical data for machine learning in structure-based virtual
screening. Journal of chemical information and modeling 2019, 59, 947-961.

Wallach, I.; Heifets, A. Most ligand-based classification benchmarks reward memorization rather than generalization. Journal of
chemical information and modeling 2018, 58, 916-932.

Chen, L.; Cruz, A.; Ramsey, S.; Dickson, C. J.; Duca, ]. S.; Hornak, V.; Koes, D. R.; Kurtzman, T. Hidden bias in the DUD-E dataset
leads to misleading performance of deep learning in structure-based virtual screening. PloS one 2019, 14, e0220113.
Tran-Nguyen, V.-K.; Jacquemard, C.; Rognan, D. LIT-PCBA: An Unbiased Data Set for Machine Learning and Virtual Screening.
Journal of Chemical Information and Modeling 2020,

Ragoza, M.; Turner, L.; Koes, D. R. Ligand pose optimization with atomic grid-based convolutional neural networks. arXiv preprint
arXiv:1710.07400 2017,

Sunseri, J.; King, J. E.; Francoeur, P. G.; Koes, D. R. Convolutional neural network scoring and minimization in the D3R 2017
community challenge. Journal of computer-aided molecular design 2018, 1-16.


http://www.ncbi.nlm.nih.gov/pubmed/7964925
http://www.ncbi.nlm.nih.gov/pubmed/12197663
http://www.ncbi.nlm.nih.gov/pubmed/19125657
http://dx.doi.org/10.1021/ci800298z
http://www.ncbi.nlm.nih.gov/pubmed/15027865
http://dx.doi.org/10.1021/jm0306430
http://www.ncbi.nlm.nih.gov/pubmed/10072678
http://dx.doi.org/10.1021/jm980536j
http://www.ncbi.nlm.nih.gov/pubmed/22004759
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC3192975
http://dx.doi.org/10.1016/j.bpj.2011.09.012
http://www.ncbi.nlm.nih.gov/pubmed/16106379
http://dx.doi.org/10.1002/prot.20588
http://www.ncbi.nlm.nih.gov/pubmed/20236947
http://dx.doi.org/10.1093/bioinformatics/btq112
http://www.ncbi.nlm.nih.gov/pubmed/16983671
http://dx.doi.org/10.1002/jcc.20505
https://doi.org/10.20944/preprints202111.0329.v1

Preprints

(www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 November 2021 d0i:10.20944/preprints202111.0329.v1

19 of 19

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.
53.

54.

55.

56.

57.

Hochuli, J.; Helbling, A.; Skaist, T.; Ragoza, M.; Koes, D. R. Visualizing convolutional neural network protein-ligand scoring.
Journal of Molecular Graphics and Modelling 2018,

Francoeur, P. G.; Masuda, T.; Koes, D. R. 3D Convolutional Neural Networks and a CrossDocked Dataset for Structure-Based Drug
Design. 2020,

Sunseri, ].; Ragoza, M.; Collins, ].; Koes, D. R. A D3R prospective evaluation of machine learning for protein-ligand scoring. Journal
of computer-aided molecular design 2016, 30, 761-771.

Huang, G.; Liu, Z.; Van Der Maaten, L.; Weinberger, K. Q. Densely connected convolutional networks. Proceedings of the IEEE
conference on computer vision and pattern recognition. 2017; pp 4700-4708.

Li, J.; Liu, W.; Song, Y.; Xia, J. Improved method of structure-based virtual screening based on ensemble learning. RSC Advances
2020, 10, 7609-7618.

Norinder, U.; Carlsson, L.; Boyer, S.; Eklund, M. Introducing conformal prediction in predictive modeling. A transparent and
flexible alternative to applicability domain determination. Journal of chemical information and modeling 2014, 54, 1596-1603.
Cortés-Ciriano, I.; Bender, A. Deep confidence: a computationally efficient framework for calculating reliable prediction errors for
deep neural networks. Journal of chemical information and modeling 2018, 59, 1269-1281.

Quiroga, R.; Villarreal, M. A. Vinardo: A scoring function based on autodock vina improves scoring, docking, and virtual screening.
PloS one 2016, 11, e0155183.

Wojcikowski, M.; Ballester, P. ].; Siedlecki, P. Performance of machine-learning scoring functions in structure-based virtual
screening. Scientific Reports 2017, 7, 46710.

Pedregosa, F. et al. Scikit-learn: Machine Learning in Python. Journal of Machine Learning Research 2011, 12, 2825-2830.

Liu, S.; Alnammi, M.; Ericksen, S. S.; Voter, A. F.; Ananiev, G. E.; Keck, J. L.; Hoffmann, F. M.; Wildman, S. A.; Gitter, A. Practical
model selection for prospective virtual screening. Journal of chemical information and modeling 2018, 59, 282-293.

O’Boyle, N. M.; Banck, M.; James, C. A.; Morley, C.; Vandermeersch, T.; Hutchison, G. R. Open Babel: An open chemical toolbox.
Journal of cheminformatics 2011, 3, 33.

Jiménez Luna, J.; Skalic, M.; Martinez-Rosell, G.; De Fabritiis, G. K DEEP: Protein-ligand absolute binding affinity prediction via
3D-convolutional neural networks. Journal of chemical information and modeling 2018,

Gomes, J.; Ramsundar, B.; Feinberg, E. N.; Pande, V. S. Atomic convolutional networks for predicting protein-ligand binding
affinity. arXiv preprint arXiv:1703.10603 2017,

Shen, C.; Hu, Y.; Wang, Z.; Zhang, X.; Pang, J.; Wang, G.; Zhong, H.; Xu, L.; Cao, D.; Hou, T. Beware of the generic machine
learning-based scoring functions in structure-based virtual screening. Briefings in Bioinformatics 2020,


https://doi.org/10.20944/preprints202111.0329.v1

