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Abstract

The rapid expansion of readily accessible compounds over the past six years has
transformed molecular docking, improving hit rates and affinities. While many millions of
molecules may score well in a docking campaign, the results are rarely fully shared,
hindering the benchmarking of machine learning and chemical space exploration
methods that seek to explore the expanding chemical spaces. To address this gap, we
develop a website providing access to recent large library campaigns, including poses,
scores, and in vitro results for campaigns against 11 targets, with 6.3 billion molecules
docked and 3729 compounds experimentally tested. In a simple proof-of-concept study
that speaks to the new library’s utility, we use the new database to train machine
learning models to predict docking scores and to find the top 0.01% scoring molecules
while evaluating only 1% of the library. Even in these proof-of-concept studies, some
interesting trends emerge: unsurprisingly, as models train on larger sets, they perform
better; less expected, models could achieve high correlations with docking scores and
yet still fail to enrich the new docking-discovered ligands, or even the top 0.01% of
docking-ranked molecules. It will be interesting to see how these trends develop for
methods more sophisticated than the simple proof-of-concept studies undertaken here;

the database is openly available at Isd.docking.org.
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Introduction

In the last six years, with the advent of make-on-demand (“tangible”) libraries'?,
readily available chemical space has increased by over four orders of magnitude.
Structural modeling of these libraries has supported a concomitant growth in the size and
success of prospective molecular docking campaigns®#$, with applications ranging from G
protein-coupled receptors (GPCRs)> % "0, to soluble enzymes': "2, transporters’, and
other targets. The first screens of these tangible libraries consisted of only 99 to 138
million molecules’ and have grown to over 1 billion explicitly docked molecules® ' more
recently. Even larger docking campaigns exceeding 11 billion interpolated synthons'# and
adaptively sampling from 69 billion molecules have been undertaken'®. While most of
these campaigns typically test fewer than 100 docking-prioritized molecules from the
larger libraries, for several targets hundreds of molecules have been tested, and overall
the number of tested predictions from large-scale docking (LSD) exceeds 10,000

molecules in the open literature6-24,

The results of these campaigns, both experimental and simply docking scores and
poses, could benefit the community, acting as benchmarking and training sets for
machine learning (ML) among other applications?®>3¢. However, these results have not
been made available at scale in a readily accessible way. For instance, a large library
docking paper may report docking scores only for the synthesized molecules™: 37: 38 or
sometimes only for those that were experimentally active” 2, representing a tiny portion
of the overall docked library or even its high-ranking subset. While some papers report

scores for many of the docked molecules, hosted on open-source platforms like GitHub®
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or other publicly accessible websites': 103 information beyond the docking scores, such
as docked poses or the energy potential grids used to score the molecules, is rarely

provided.

Here we describe an open-source benchmarking set of published docking results
for 6.3 billion explicitly evaluated molecules across eleven protein targets
(Isd.docking.org). The benchmarking set includes docking scores (using DOCK3.7/3.8),
SMILES, poses for top molecules, results for in vitro tested molecules, and the docking
energy grids used to produce them. As a simple proof of concept, we consider the ability
of ML models trained on this set with the widely used Chemprop framework*® to predict
docking scores (subsequently referred to as Chemprop models). Applications of these
models to the chemical space exploration technique Retrieval Augmented Docking

(RAD)*! are considered.

Results

Organization of large-library docking data. \We began by collecting the source
files for the published large-scale docking campaigns run in our lab to date, covering 11
different targets (Table 1, Fig. 1A, Table S1). Within a given target, one or more separate
large-scale screens were run, typically differentiated by ligand size (e.g., lead-like versus
fragments), docking grids (e.g., input structure differences or different parameter

optimizations), or purchasability (e.g., in-stock versus make-on-demand).
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Target Compqunds with . Compounds

docking scores experimentally tested
Alpha2AR 30,518,811 82
AmpC 1,568,323,216 1565
CB1R 18,992,691 46
D4 138,312,677 552
EP4R 381,067,069 71
MPro 1,108,167,275 393
MT1R 40,376,489 38
NSP3 Mac1 686,555,212 240
SERT 246,614,514 13
Sigma2 468,639,651 506
5HT2A 1,630,264,067 223

Table 1. Overview of the docking screens included on Isd.docking.org and the number of docking
scores and experimental results provided for each target.

For each screen, we gathered three levels of data (Fig. 1B). First, we collected
what may be the most useful to the ML community, the “Docking Results”. These include
the list of scored molecules, their SMILES, and the docking score for each molecule from
every screen. To support these, we also collected the docking energy potential grids used

to score the molecules in each screen.
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Figure 1. (A) Overview of the directory structure on Isd.docking.org. (B) Types of data available
for each screen: docking scores, in vitro experimental data, and poses for the best-scoring
molecules.

Next, we collected 3D poses for the top 500,000 unfiltered molecules from each
screen in mol2 format, which can be visualized with software such as Chimera*?,
PyMoL*3, or Maestro**, among others. Finally, we collected the in vitro experimental
results and merged them with the docking results for in vitro tested molecules. Together,
the set provides docking scores for over 6.3 billion ligand-target pairs and provides over

10 million docking poses for the high-ranking molecules from each docking campaign.

To make these data readily accessible, we developed the website Isd.docking.org.
Because some targets have been the focus of multiple large-library screens, and because
some papers screened multiple targets, users can search either by target or by paper to
access the data. Each level of data, docking results, poses, in vitro results, and docking

grids (dockfiles), is a subfolder nested within that of the individual screen. If multiple files
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are hosted within a folder, a zip file containing the contents is provided for easier
dissemination. A README.md is provided within each screen folder explaining the

contents of the subfolders.

For example, to access the docking scores for the dopamine D4 receptor screen,
a user would click the “Browse by Target” button which navigates to a page showing every
available target. Clicking “View” for the D4 target shows a folder called “Lyu_2019” and

clicking the folder brings the user to a page showing the folders for each level of data

” ”

from the screen: “dockfiles,” “Poses,” “InVitroResults,” and “DockingResults.” Finally,
clicking on “DockingResults" navigates to a screen with the downloadable file
“‘D4_screen_table.csv.gz” which contains the ZINC IDs, SMILES, and docking scores for

every molecule in the screen.

Impact of training set size and sampling on Chemprop performance. While
we do not introduce or apply new ML methods here, we thought it would be interesting to
train ML models with these datasets as a proof of concept for the possible utility of this
dataset. Accordingly, we applied the well-known framework Chemprop?? 4° on subsets of
the docking scores from campaigns against AmpC B-lactamase (AmpC)?*, 5HT2A°, and
Sigma23°, containing 1,468,863,655, 1,630,264,067, and 468,639,651 molecules,
respectively. The large datasets allowed us to systematically investigate the effects of

training set size and data sampling strategies.
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Figure 2. (A) Overview of the datasets, training set sizes, sampling strategies, and evaluation

metrics used to investigate the ability of Chemprop models to predict DOCK scores. (B) Effects
of increasing the training set size on the three evaluation metrics for AmpC. The bars represent
the minimum and maximum performance across five replicates. (C) AmpC log recall curves of
the top 0.01% scoring molecules for the three sampling strategies using increasing training set
sizes. The shaded region represents the minimum and maximum performance across five
replicates. The dashed black line represents a random predictor.

We investigated training set sizes of 1,000, 10,000, 100,000, and 1,000,000

molecules sampled from the datasets using three strategies: random sampling across the


https://doi.org/10.1101/2025.02.25.639879
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.25.639879; this version posted February 27, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

entire dataset, random sampling from the top ranking 1% of molecules only, and a
stratified approach where 80% of the training set was randomly sampled from the top
ranking 1% of molecules and the remaining 20% was sampled from the rest of the
dataset. We created test sets by randomly sampling 100,000,000 molecules from each
dataset. We evaluated model performance using the Pearson correlation between
predicted and true scores across the entire test set and the top 0.01% scoring molecules,
ensuring no overlap with the training set. Additionally, we measured the logAUC, which
quantifies the fraction of the top 0.01% molecules found as a function of the screened
library fraction on the logarithmic scale (Fig. 2C). This metric captures the model’s ability
to enrich for the true top 0.01% scoring molecules in its top predictions and is widely used

in docking studies*6-48,
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Figure 3. Chemprop model recall curves of the experimental actives after filtering out molecules

that share a scaffold with any molecule in the training set for the (A) 5SHT2A receptor, (B) AmpC
receptor, and (C) Sigma2 receptor. The shaded region represents the minimum and maximum
performance across five replicates. The dashed black line represents a random predictor.
Unsurprisingly, increasing the training set size improved model performance
across nearly all targets, sampling methods, and evaluation metrics (Fig. 2B, Fig. 2C).
For instance, AmpC models trained with random sampling achieved overall Pearson

correlations of 0.65, 0.77, 0.83, and 0.86 between predicted and true scores when trained

with 1,000, 10,000, 100,000, and 1,000,000 molecules, respectively (Fig. 2B) (we note

10
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that even a million molecules are only 0.07% of the overall library docked). Intriguingly,
the overall Pearson correlation between a model’s predictions and true scores did not
reliably indicate its ability to enrich for the top 0.01% scoring molecules or for the true
binders. For example, on the AmpC dataset with 100,000 training molecules (0.007% of
the docked library), random sampling achieved a Pearson correlation of 0.83, higher than
the 0.76 with stratified sampling (Fig. 2B). However, the same random sampling achieved
a logAUC of only 0.49 for the recall of the top 0.01% scoring molecules, whereas stratified
sampling achieved a logAUC of 0.77 for this 0.01%--i.e., many more of the highest-
ranking molecules were found in the latter’s top predictions than the former’s, despite the
former’s better R-value. Similarly, random sampling only achieved a logAUC of 0.47 for
the recall of true, novel inhibitors found in the AmpC docking campaign, whereas stratified

sampling had a logAUC of 0.87 for these inhibitors (Fig. 2C and Fig. 3B).

Overall, despite relatively high Pearson correlations, few of the top 0.01% scoring
molecules and the true ligands were in the top 0.01% of ML predictions — the region
realistically inspected during large-scale screening. For example, the random sampling
strategy on the AmpC dataset with 1 million training molecules (0.05% of the docked
library) achieved the highest Pearson correlation of 0.86, but only 8.4% of the top 0.01%
scoring molecules and 13.5% of the true binders were in its top 0.01% predictions. These

results also held true for the 5SHT2A and Sigma datasets (Fig. 3, Fig. S1, Fig. S2).

11
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Figure 4. (A) Overview of Retrieval Augmented Docking (RAD). (B) Recall curves of the top
0.01% scoring molecules when evaluating a RAD-prioritized 1% of each library with the DOCK
scoring function. (C) 5HT2A recall curves of the top 0.01% scoring molecules when evaluating a
RAD-prioritized 1% of the library with the Chemprop models trained with different sampling
strategies. The curves are averaged over five replicates. (D) SHT2A recall curves of the top 0.01%
scoring molecules when evaluating a RAD-prioritized 1% of the library with the Chemprop models
trained with different training set sizes. The curves are averaged over five replicates.

Retrieval Augmented Docking using Chemprop models. We next investigated
the utility of the Isd.docking.org benchmarks for evaluating chemical space exploration
methods. We assessed the ability of Retrieval Augmented Docking (RAD)*' to find the top
0.01% scoring molecules from billion-scale chemical libraries. Drawing on a technique

from large-scale vector databases, as used in social networks, RAD organizes chemical

libraries into Hierarchical Navigable Small World (HNSW) graphs*®, enabling efficient

12
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exploration of chemical space (Fig. 4A). Previous studies found that traversing the HNSW
graph with the DOCKS.7 scoring function finds most of the top 0.01% scoring molecules
while only needing to explicitly evaluate a fraction of the library. Here, we constructed
HNSW graphs for ~1.3 billion molecules from the AmpC and 5HT2A datasets, and ~500

million molecules from the Sigma2 dataset.

On these systems, RAD found a large fraction of the top 0.01% scoring molecules
while explicitly scoring only 1% of these billion molecule libraries (RAD deprioritizes the
rest of the library as it traverses the graph). For the ~1.3 billion molecule libraries, RAD
found 84% of AmpC and 75% of 5SHT2A top 0.01% scoring molecules (Fig. 4B). For the
smaller 500 million molecule Sigma2 library, RAD found 71% of the top 0.01% scoring

molecules, again while scoring a RAD-prioritized 1% of the total library (Fig. 4B).

We next asked whether the machine learning models trained to predict
DOCKS3.7/3.8 scores could effectively replace the DOCK scoring function in the context
of RAD. With the best performing ML models, RAD using an ML scoring function found a
comparable number of the top 0.01% scoring molecules as the full DOCKS3.7/3.8 scoring
function, but at much reduced computational cost due to the faster inference speed of
machine learning models (~1 sec/core to orient and score a molecule with DOCK3.8,
versus ~5 ms/core to do Chemprop ligand preparation and scoring). For example, RAD
prioritization of 1% of the ~1.3 billion SHT2A library found 75% of the top 0.01% scoring
molecules using the DOCK3.8 scoring function and 71% using the ML model trained on

1 million molecules with a stratified sampling strategy (Fig. 4C). We do note that the

13
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variance in RAD performance across replicates was larger than in the score prediction

task (Fig. S3).

Here too, the models trained on larger datasets found more of the top 0.01%
scoring molecules from a RAD-prioritized 1% of the library than those trained on smaller
datasets. For instance, using the stratified sampling method with 5SHT2A, RAD found
14%, 54%, 62%, and 71% of the top 0.01% scoring molecules among its top-prioritized
1% of the library with the models trained on 1,000, 10,000, 100,000, and 1,000,000
molecules, respectively (Fig. 4C). Models trained on larger datasets with the stratified
sampling strategy continued to outperform those trained with random sampling or
sampling only from the top 1% of scores (Fig. 4D). For example, on the 5HT2A library
with models trained on 100,000 molecules, RAD found 62%, 60%, and 53% of the top
0.01% scoring molecules when screening a RAD-prioritized 1% of the library when using
stratified sampling, top 1% sampling, and random sampling, respectively (Fig. 4D). These

trends were also observed for the AmpC and Sigma2 datasets (Fig. S4 and Fig. S5).

Discussion & Conclusions

There is much interest in training ML methods to reproduce docking results with a
view to screening larger libraries faster, and naturally there is longstanding interest in
improving scoring for docking and for virtual screening. Large benchmarks of docking
results, both computational and experimental, would support these efforts but currently

are unavailable to the community. Here we begin to develop an open access benchmark
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of docking and experimental results (Isd.docking.org). Three results merit emphasis.
First, the scale of the benchmark may be appropriate to begin to support these goals.
The docking screens are against eleven diverse targets, representing three unrelated
enzymes, one transporter, and seven GPCRs (in three families), and over 6.3 billion
molecules are scored. Docking scores are provided for all molecules successfully fit to
the eleven targets, and for 10 million so too are docking poses. The results are presented
in a format that we hope lends itself to machine reading. Second, the experimental
activities are provided for 3,729 molecules across the eleven targets. These include both
molecules that were experimentally active, as predicted by docking, and molecules that
were docking false positives. For three targets, AmpC p-lactamase, Sigma2, and the
dopamine D4 receptor, it includes the results not only of testing high-ranking molecules,
but molecules across the scoring range—high-scoring, mediocre scoring, and poor
scoring, all tested by experiment. As docking false positives can be informative both for
scoring function optimization and ML training, these sets may be particularly useful. Third,
in proof-of-concept studies, we investigated the sorts of ML model training and methods
that the large-scale docking benchmarks might support. In particular, we trained ML
models to predict a molecule’s DOCK score from its SMILES string and used these
models as the scoring function for the HNSW method, itself drawn from large-scale vector
database applications. In both cases, we found that increasing the training set size
improved model performance. Despite some models obtaining high Pearson correlations
between true scores and predictions, relatively few of the top 0.01% scoring molecules
and true binders were in the top ML predictions, highlighting the pitfall of Pearson

correlation as the sole evaluation metric. When applied in Retrieval Augmented Docking,
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the best-performing models were comparable to the full DOCK scoring function while

much reducing computational cost.

Several caveats warrant mentioning. The scores reported here are all from
DOCKS3.7/3.8, a physics-based scoring function. This function has the advantage of
allowing campaigns in the multi-billion molecule range, but the scores returned, though
apparently correlated with hit-rate’ 4 3° | are offset from free energies of binding. Further,
it represents only one of several widely used scoring functions. In the proof-of-concept
ML training and optimization, a key limitation is the overlap between test sets and training
sets. Although no molecule appeared in both the training and the test sets, we made no
other effort to ensure a diverse or dissimilar test set, and model performance would likely
decline when evaluated on a more diverse, out-of-distribution test set>°-2. Since our goal
was to showcase how the benchmarks can be used for optimization, rather than to
develop specific optimized models, we hope the reader will see the results in this light. A
similar limitation applies to the HNSW graphs, as molecules in the training sets may also
appear in the graphs and be evaluated during traversal. However, even in the smaller
~500 million Sigma2 library and with models trained on one million molecules, only 0.2%
of the HNSW graph overlaps with the training set. While we do not expect this small
overlap to significantly impact the results presented here, it remains a limitation of this

study.

These cautions should not obscure the main observations from this study. The

scale of docking and experimental results from recent virtual screening campaigns may
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support benchmarking sets for new ML models and methods. We provide the website
Isd.docking.org to easily access these data and demonstrate their potential use in ML
applications. As we continue to screen new targets at scale, we will upload new results to
the website and welcome contributions from the community. It may particularly benefit
from other larger library campaigns using other docking methods, which should be readily

added to this resource.

Methods

Construction of the large-scale docking dataset (Isd.docking.org). We
identified directories on our computing cluster containing results from previously
published large-scale docking campaigns run in our lab, with help from those who
performed them. These directories included docking scores for all molecules in a
campaign linked to ZINC IDs, which we used to query the ZINC database for the
corresponding SMILES. We excluded a small fraction of ZINC IDs that no longer
returned results due to updates of the ZINC database since the original campaigns. We
combined the ZINC IDs, docking scores, and retrieved SMILES of all molecules in a
campaign to produce the docking datasets available on Isd.docking.org. The directories
also contained docking poses for molecules scoring better than a predefined threshold.
We collected the docking poses for the top 500,000 scoring molecules without
additional filtering and made them available on Isd.docking.org. For some campaigns,
fewer than 500,000 poses were provided due to disk failures since the original

campaign or due to fewer than 500,000 poses being saved during the original
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campaign. To complement these datasets, we uploaded the docking grids used to
generate the poses and scores. Where available, we collected experimental results
from the supplementary information of the corresponding publications. Otherwise, we
located the experimental results with help from the lab member who performed the

campaign and uploaded the results to Isd.docking.org (Table S1).

Training Chemprop to predict DOCK scores. We evaluated the effects of
three training set acquisition strategies and four training set sizes on the performance of
ML models predicting DOCK scores from SMILES strings. The training set acquisition
strategies included: random selection from the entire dataset, random selection from
only the best 1% of molecules by DOCK score, and selecting 80% of the training data
from the best 1% of molecules and the remaining 20% from the remainder of the

dataset. We used training set sizes of 1,000, 10,000, 100,000, and 1,000,000.

We assessed model performance on test sets of 100,000,000 molecules using
four metrics: the Pearson correlation between the predicted and actual DOCK scores
across all test set molecules, the correlation only for the best 0.01% of test set
molecules, the enrichment of the top 0.01% scoring molecules, measured by the log
area under the curve (logAUC), which reflects recall as a function of ML ranking, and
the enrichment of the actual new ligands discovered by experimental testing of top-
ranked docking molecules. We applied these metrics to the docking results from three

receptor campaigns: AmpC B-lactamase, 5HT2A, and SigmaZ2.
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We randomly subsampled the AmpC, 5HT2A, and Sigma2 docking results from
Isd.docking.org to create training sets. For each sampling strategy and training set size,
we generated five independent training sets. To account for the validation set, we
sampled an additional 20% of molecules. For instance, for a training set size of 10,000,
we sampled an additional 2 000 molecules for the validation set, and for 100,000, we

sampled an extra 20,000.

To minimize data leakage we split molecules based on their Bemis-Murcko
scaffolds to assign them to the training and validation sets, ensuring no scaffold
appeared in both sets. This approach produced training sets of approximately 1,000,
10,000, 100,000, and 1,000,000 molecules, with validation sets about 20% as large and

containing no overlapping scaffolds.

We trained ML models with the Chemprop*° framework to predict DOCK scores
from molecular SMILES strings. Chemprop, a PyTorch based framework, predicts
molecular properties using message-passing neural networks on molecular graphs. We
used the default parameters, featurizers, and settings. Specifically, we generated
featurized molecular graphs from SMILES strings using the
“SimpleMoleculeMolGraphFeaturizer,” messages were passed along directed bonds
using “BondMessagePassing,” and the graph-level representation was obtained by
averaging node-level representations with “MeanAggregation.” The learned
representations had a dimensionality of 300, and a single-layer fully connected feed

forward network predicted scores from the graph-level representation.
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We trained the models to minimize the Root Mean Squared Error (RMSE)
between predicted and true DOCK scores over 100 epochs. Training used the Adam
optimizer with the Noam learning rate scheduler (initial, maximum, and final learning
rates of 10-4, 107-3, and 10"-4, respectively). We used batch sizes of 64, batch
normalization, and early stopping based on validation RMSE loss, with a patience of 5

epochs.

We gathered a test set for each receptor by randomly sampling 100,000,000
SMILES and DOCK scores for AmpC, 5HT2A, and Sigma2. Using the models trained
with different sampling strategies and dataset sizes, we predicted DOCK scores for
each molecule in the test set. After removing test set molecules included in a model’s

training set, we calculated several metrics.

We calculated the Pearson correlation between predicted and actual DOCK
scores for the entire test set and the top 0.01% scoring molecules in the test set. Next,
we rank-ordered the ML predictions and plotted the fraction of the top 0.01% scoring
molecules recovered against the ML ranking, using a log x-axis. We calculated the area
under this curve (logAUC) to evaluate each model’s ability to enrich for the top 0.01%
scoring molecules in its top predictions. This metric emphasizes practical utility in
prospective screening, where only the top predictions are considered for visual

inspection and testing.
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Hierarchical Navigable Small World (HNSW) graph construction and
traversal. We demonstrated the utility of these billion-scale DOCK datasets by using

them as benchmark sets for the chemical space exploration technique Retrieval
Augmented Docking (RAD)*'. RAD rapidly organizes chemical libraries into Hierarchical
Navigable Small World (HNSW) graphs, which are multi-layered similarity-based
structures built on the principles of small-world networks. The DOCK scoring function
guides a best-first traversal of the HNSW graph, iteratively docking the neighbors of the
best scoring nodes. Previous work found that RAD finds most of the top 0.01% scoring

molecules while explicitly docking only a fraction of the library.

We constructed three HNSW graphs, one each for each receptor - AmpC,
5HT2A, and Sigma2 — using libraries from Isd.docking.org. The graphs contained 1,300
572,452, 1,300,808,533, and 468,639,652 molecules, respectively, randomly sampled
from the corresponding docking results. We began by generating Morgan fingerprints
with a radius of 2 and a length of 512 for all molecules. Using these fingerprints, we built
the HNSW graphs with an M of 8, an efConstruction of 400, and the Tanimoto coefficient
as the similarity metric. We then greedily traversed the HNSW graphs, as described in
previous work*!, using both the DOCK score and the predictions from the Chemprop
models. We evaluated performance by measuring the fraction of the top 0.01% scoring

molecules found while screening a RAD-prioritized 1% of the library.
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