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Rapid traversal of vast chemical space using 
machine learning-guided docking screens
 

Andreas Luttens    1,2,3  , Israel Cabeza de Vaca1, Leonard Sparring1, José Brea4,5, 
Antón Leandro Martínez    4,5, Nour Aldin Kahlous    1, Dmytro S. Radchenko    6, 
Yurii S. Moroz    6,7,8, María Isabel Loza    4,5  , Ulf Norinder    9   & 
Jens Carlsson    1 

The accelerating growth of make-on-demand chemical libraries provides 
unprecedented opportunities to identify starting points for drug discovery 
with virtual screening. However, these multi-billion-scale libraries are 
challenging to screen, even for the fastest structure-based docking methods. 
Here we explore a strategy that combines machine learning and molecular 
docking to enable rapid virtual screening of databases containing billions of 
compounds. In our workflow, a classification algorithm is trained to identify 
top-scoring compounds based on molecular docking of 1 million compounds 
to the target protein. The conformal prediction framework is then used to 
make selections from the multi-billion-scale library, reducing the number 
of compounds to be scored by docking. The CatBoost classifier showed an 
optimal balance between speed and accuracy and was used to adapt the 
workflow for screens of ultralarge libraries. Application to a library of 3.5 billion 
compounds demonstrated that our protocol can reduce the computational 
cost of structure-based virtual screening by more than 1,000-fold. 
Experimental testing of predictions identified ligands of G protein-coupled 
receptors and demonstrated that our approach enables discovery of 
compounds with multi-target activity tailored for therapeutic effect.

The number of possible drug-like molecules has been estimated to be 
more than 1060, which exceeds the size of chemical libraries evaluated 
in early drug discovery by many orders of magnitude1. In fact, only 
~13 million compounds are currently available in-stock from chemical 
suppliers, which clearly illustrates the limited coverage of chemical 
space2. Advances in synthetic organic chemistry have provided access 
to increasingly larger compound collections and make-on-demand 
libraries currently contain >70 billion readily available molecules3,4. 

The diverse scaffolds available in these libraries represent a major 
opportunity for drug discovery, but identifying the compounds rel-
evant for a specific target in this enormous chemical space remains 
a major challenge.

Recently, structure-based virtual screens of ultralarge libraries 
have identified ligands of important therapeutic targets, demonstrat-
ing that expanding the coverage of chemical space can accelerate 
early drug discovery5–7. The most recently published docking screens 
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In this work, we developed an ultrafast workflow based on con-
formal prediction (CP) for screening of vast chemical libraries. The 
CP framework can be applied to any machine learning classifier 
and allows the user to control the error rate of the predictions16,17. 
Mondrian conformal predictors provide class-specific confidence 
levels that ensure validity for both the majority and minority class. 
This approach is therefore well suited for handling inherently imbal-
anced datasets such as virtual screening applications, which focus on 
identifying a small number of top-scoring compounds in a chemical 
library18. The framework has been utilized in QSAR applications to 
predict pharmacokinetic properties and bioactivity19,20. Strategies 
to improve the virtual screening efficiency using the CP framework 
have been explored, but these workflows did not achieve the efficiency 
required to evaluate multi-billion-scale libraries21. Applications of 
more recently developed techniques such as gradient boosting, deep 
neural networks and transformers to early-phase drug discovery have 
been successful22–24. Here we combined the CP framework with several 
state-of-the-art classification algorithms to develop a workflow for 
accelerated structure-based virtual screening. Our most efficient 
protocol identifies the top-scoring compounds in ultralarge com-
pound libraries and reduces the number of molecules to be explicitly 

have reached billions of compounds, but evaluation of these massive 
libraries is demanding due to the substantial computational resources 
required8,9. The make-on-demand databases will also continue to grow 
and probably reach trillions of compounds in the near future, which will 
be unfeasible to screen even with the fastest structure-based docking 
algorithms. Therefore, there is an urgent need for more efficient virtual 
screening approaches able to evaluate these vast chemical libraries10.

Recent breakthroughs in artificial intelligence have revived inter-
est in using quantitative structure–activity relationship (QSAR) models 
in drug discovery. QSAR has been widely used by the pharmaceutical 
industry to predict both on- and off-target activities, as well as phys-
icochemical and pharmacokinetic properties11. By representing com-
pounds using molecular descriptors, machine learning methods can 
rapidly evaluate large compound databases. Traditionally, QSAR mod-
els have been trained on experimental data12, but there is an increasing 
interest in predicting which compounds in make-on-demand libraries 
are likely to receive favorable scores from computationally expensive 
virtual screening methods13–15. This combination of machine learning 
and molecular docking screening has the potential to enable virtual 
screens of multi-billion-scale compound libraries at a modest com-
putational cost.
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Fig. 1 | Machine learning-accelerated virtual screening workflow. a, Selection 
of a target protein for virtual screening. b, Model representation of protein 
binding site for molecular docking calculations. c, A subset from an ultralarge 
(Ro4, rule-of-four) chemical library is extracted and prepared for docking 
screens. d, Docking scores for compounds in the training set are generated. e, 
A docking score threshold splits the training set into virtual actives (1 class) and 
inactives (0 class). f, Molecules are represented by descriptors (for example, 
fingerprints). g, Machine learning models are trained to distinguish virtual 

actives from inactives. h, The trained models are used to identify a subset 
of predicted virtual actives in the ultralarge library. i, A set of compounds is 
selected for docking to the target. Rule-of-four molecules suggested by machine 
learning (Ro4 ML) have an improved docking score distribution compared to 
random molecules in the training set. j, Post-processing of docking results and 
selection of compounds. k, Compounds are selected based on visual inspection. 
l, Experimental evaluation of synthesized compounds.
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docked by three orders of magnitude. We show that application of 
machine learning to guide docking screens of multi-billion-scale 
compound databases enables efficient discovery of ligands targeting 
G protein-coupled receptors, which is one of the most important fami-
lies of drug targets25. In particular, our workflow can screen billions of 
compounds against several targets to identify ligands with activity at 
multiple targets relevant for the same disease.

Results
The protocol combining CP and molecular docking to navigate ultralarge 
compound libraries is described in ‘Machine learning-accelerated vir-
tual screening pipeline’ in Methods (Fig. 1, Supplementary Section 1 
and Supplementary Fig. 1). In the development of this approach, we 
first conducted benchmarking docking screens against eight protein 
targets. The resulting datasets were used to select suitable algorithms 
and molecular descriptors. In the second step, the method was further 
optimized to enable virtual screens of multi-billion-scale libraries and 
applied to predict ligands of the A2A adenosine (A2AR) and D2 dopamine 
(D2R) receptors.

Benchmarking of conformal predictors
Molecular docking screens against eight therapeutically relevant pro-
teins were carried out to initiate performance evaluation of the CP 
workflow. A detailed description of the protein targets and preparation 
of the molecular docking calculations is provided in Supplementary 
Table 1, Supplementary Fig. 2 and ‘Preparation of proteins for docking’ 
in Methods. Eleven million randomly sampled rule-of-four (Ro4, molec-
ular weight <400 Da and cLogP < 4) molecules from the Enamine REAL 
space were prepared for molecular docking and screened against each 
target. In total, more than 493 trillion protein–ligand complexes were 
predicted, resulting in a final benchmarking set of 88 million unique 
protein–ligand complexes and their corresponding scores. For each 
target, chemical structures of the compounds and their corresponding 
docking scores were used to create training (106 compounds) and test 
(107 compounds) sets for evaluating the CP framework. The energy 
threshold for the active (minority) class was determined based on the 
top-scoring 1% of each screen.

For each protein target, we assessed the performance of three dif-
ferent machine learning algorithms: CatBoost26, deep neural networks27 
and Robustly Optimized Bidirectional Encoder Representations from 
Transformers Approach (RoBERTa)28. To explore diverse representa-
tions of small molecules, we trained our algorithms on three different 
types of features: (1) Morgan2 fingerprints, the RDKit implementation 
of the substructure-based ECFP4 descriptor29, which have consist-
ently performed among the best features in previous virtual screen-
ing benchmarks30; (2) recently developed continuous data-driven 
descriptors (CDDD)31, which provide dense latent representations 
of molecules; and (3) transformer-based descriptors derived from a 
pretrained RoBERTa encoder, which serve as the input for fine-tuning 
the RoBERTa models28. Detailed descriptions of the hyperparameters 
used in the training of each classifier are provided in Supplementary 
Section 2 (Supplementary Table 2 and Supplementary Figs. 3–5).

Five independent classifiers were trained on 1 million labeled 
features, of which 80% was used for proper training and the remain-
ing 20% for calibration. The features of the compounds in the test set 
(10 million compounds) were then assigned 10 normalized P values 
(five P1 and five P0 values) by using each individual classification model 
and its corresponding calibration sets. The two resulting sets of P1 
and P0 values were aggregated into a single pair of P1 and P0 values by 
taking the respective medians (Supplementary Fig. 1). On the basis of 
the aggregated P values and a selected significance level (ε), the Mon-
drian CP framework was used to divide the compounds into virtual 
active, virtual inactive, both (meaning, either virtual active or inac-
tive) and null (no assignment) sets (Fig. 2a). The performance on the 
benchmarking set was assessed using the significance level at which 

the predictor resulted in the maximal number of useful (single label) 
predictions, εopt (Fig. 2b). The metrics to assess the performance of the 
models (sensitivity, precision, efficiency and prediction error rate) are 
defined in ‘Training and evaluation of machine learning classifiers’ in 
Methods. Following the CP framework, exchangeability between the 
training and test sets led to strong agreement between the prediction 
error rate and the selected significance level16 (Fig. 2c). To minimize the 
number of compounds requiring explicit docking while maximizing 
predictive power, we aimed to determine the optimal size of the train-
ing set, exploring a range between 25,000 and 1 million compounds. 
Improved sensitivity, precision, and significance values were obtained 
for all targets when increasing the training set size (Fig. 2d–f and Sup-
plementary Tables 3–8).

As the performance of the models stabilized at a training size of 
1 million molecules, this size was established as the standard for the 
training of new models. Conformal predictors composed of CatBoost 
classifiers trained on Morgan2 fingerprints achieved the best aver-
age precision and had comparable or slightly better significance and 
sensitivity values compared with other combinations. In addition, 
this configuration required the least computational resources, both 
in the training of the classifier, predictions for the test set and storage 
of molecular descriptors (Supplementary Table 9). Hyperparameters 
(class imbalance and number of aggregated models), robustness (influ-
ence of noise and scrambling of the training data), target dependency 
and the exchangeability criterion were also investigated. These results 
are provided in detail in Supplementary Figs. 6–12.

Optimized workflow for ultralarge chemical libraries
To optimize the performance of the workflow for ultralarge databases, 
we conducted further analyses of datasets containing docking scores 
for 235 million compounds from the ZINC15 library32, focusing on two 
benchmarking proteins (A2AR and D2R). For each target, a conformal 
predictor composed of five independent CatBoost classifiers was 
trained on 1 million compounds (Morgan2 representation), followed 
by predictions for the remainder of the library. As the docking scores 
were available for all the compounds in the library, efficient strategies 
to identify the top-scoring molecules could be established.

In the CP framework, the selected significance level determines 
the size of the predicted virtual active set, which is the library that will 
be docked to the target. The significance level was first set to achieve 
the maximal efficiency (A2AR εopt = 0.12 and D2R εopt = 0.08), and close 
to all compounds received a single label (>98% for both targets). CP 
reduced the ultralarge library from 234 million to 25 million and 19 mil-
lion compounds for A2AR and D2R, respectively, with high sensitivity 
values (0.87 and 0.88, respectively; Fig. 3a). The workflow would hence 
be able to identify close to 90% of the virtual actives by docking only 
~10% of the ultralarge library and the CP framework guaranteed that 
the percentage of incorrectly classified compounds did not exceed 
12% and 8% respectively. For libraries of this size, molecular docking 
screens of the entire predicted virtual active set would be viable. 
However, further reduction of the database would be required to 
apply our workflow to multi-billion-scale libraries. In these cases, 
docking calculations for even a small percentage of the library would 
be computationally demanding. In theory, decreasing the signifi-
cance level should lead to a reduction of the virtual active set and 
enrich predictions in which the conformal predictor has the highest 
confidence. This approach was evaluated by gradually reducing the 
significance level and assessing how the distribution of docking scores 
in the virtual active set was influenced. As anticipated, lowering the 
significance level did reduce the virtual active set size (Fig. 3a) and led 
to substantial shifts of the docking score distribution toward better 
energies for both protein targets (Fig. 3b). At the lowest evaluated 
significance level (0.01), the database was reduced to 3.0 million and 
2.6 million molecules for A2AR and D2R, respectively, and the largest 
shifts in docking score distributions were obtained. For example, the 
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most populated bin in the docking score distribution for the training 
set was −23.8 kcal mol−1 for D2R, which was improved to −47.7 kcal mol−1 
and −50.9 kcal mol−1 for significance levels of 0.08 (D2R εopt) and 0.01, 
respectively. At the strictest significance level (0.01), 80% and 64% of 
the 10,000 top-scoring A2AR and D2R molecules (corresponding to 
0.004% of the chemical library) could still be identified. These results 
showed that the significance level can be tuned to achieve substantial 
database reduction and retain most of the very top-scoring candidates 
for the subsequent docking step.

An alternative approach to reduce the size of the set to evaluate by 
molecular docking is to sort the compounds based on the difference 
between the P1 and P0 values (the quality of information, P1 − P0). This 
metric can be used to prioritize subsets in which the predictor has 
the highest confidence (Fig. 3c) and correlated with docking ranks 
(Supplementary Fig. 13). The enrichment of the top-scoring 10,000 
molecules from the A2AR and D2R screens was assessed based on pri-
oritizing the compounds using the quality of information. Remark-
ably, the workflow identified more than 90% of the very top-scoring 
molecules after only 3% (A2AR) and 5% (D2R) of the 234 million remain-
ing compounds had been evaluated (Fig. 3c). Notably, reproducible 
recall values were obtained by independently generated conformal 
predictors, demonstrating that a random selection of training set will 
lead to similar selection of molecules. Data-dimensionality reduction 
(Uniform Manifold Approximation and Projection, UMAP) of the 
Morgan2 fingerprints indicated that these prioritized molecules bear 

structural similarity to the actives present in the training set (Fig. 3d). 
This observation was also supported by analysis of Tanimoto simi-
larity. The molecules in which the predictor had higher confidence 
generally showed greater structural similarity to actives from the 
training set (Fig. 3e). Using the quality of information to reduce the 
docked set of compounds hence had a similar effect to decreasing 
the significance level, and these two techniques can be combined in 
prospective screens of multi-billion-scale libraries. To assess whether 
the use of conformal predictors leads to a reduction in structural 
diversity among prioritized molecules compared with large-scale 
docking screens, we analyzed the 1% top-ranked molecules from both 
approaches for D2R. Although a smaller fraction of the 1% top-ranked 
compounds prioritized by the conformal predictor had unique Bemis–
Murcko scaffolds (13% compared with 23% from docking), a pairwise 
Tanimoto coefficient analysis demonstrated that the decorated ver-
sions of these scaffolds were not significantly less diverse than those 
identified by molecular docking alone (Supplementary Fig. 14). Col-
lectively, these results demonstrated that top-scoring compounds 
could be identified using the conformal predictor. To assess its ability 
to find experimentally confirmed actives, known A2AR and D2R ligands 
from the ChEMBL database33 were evaluated. Models trained only on 
docking data correctly classified 92% and 86% of these ligands as vir-
tual actives. This highlights the importance of benchmarking against 
known actives to validate workflows before conducting prospective 
virtual screens (Fig. 3f).
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Fig. 2 | Benchmarking of conformal predictors. a–c, Summary of application of 
the Mondrian CP framework to one of the targets in the benchmarking set (A2AR). 
a, Molecules were classified into four distinct sets based on their P values and a 
selected significance threshold (ε): virtual actives (blue, 1 class), virtual inactives 
(red, 0 class), both (purple, 1 or 0 class) and null (gray, no class assignment). 
Relative fractions of each set are represented by a pie chart. b, The A2AR test set 
molecules were divided into four prediction sets depending on the significance 
level. The optimal significance (εopt) corresponds to the value at which the 
maximal number of compounds has been assigned to a single-label set (meaning, 
either virtual actives or inactives), referred to as maximal efficiency. c, The error 
rate (overall, virtual actives and virtual inactives) obtained for predictions of the 

A2AR benchmarking set compounds with respect to the significance threshold 
(calibration plot). There was a close agreement between the significance value 
and the prediction error rate. d, The optimal significance level improved if the 
classification models were trained on larger datasets. e, At optimal efficiency, the 
sensitivity values improved with increasing size of the training set. f, At optimal 
efficiency, the precision values improved with increasing training set size. In d, e 
and f, three independent calculations (training and prediction) were performed 
for the eight targets (A2AR, AmpC, 5’-NT, D2R, KEAP1, Mpro, OGG1, SORT1; 
described in Supplementary Section 1) and error bars correspond to the standard 
error of the mean.

http://www.nature.com/natcomputsci


Nature Computational Science | Volume 5 | April 2025 | 301–312 305

Article https://doi.org/10.1038/s43588-025-00777-x

Prospective virtual screen of a multi-billion-scale library
A primary goal in the development of the workflow was that the machine 
learning step must be able to reduce a multi-billion-scale database to 
a few million promising compounds, which was evaluated for A2AR 
and D2R. Docking of the training set, training of the conformal pre-
dictor and predictions for 3.5 billion compounds for one target could 
be performed in approximately 2,500 core-hours. The significance 
level was set to 0.005, resulting in 25 million and 24 million predicted 
virtual actives for A2AR and D2R, respectively. Of these, 5 million com-
pounds per target were prioritized for docking calculations based on 
the quality of information (corresponding to a 700-fold reduction of 
the library), which required 10,344 core-hours per target. Compared 
with explicit docking of the 3.5 billion compounds, the workflow hence 
achieved a 568-fold reduction of compute cost. For both targets, the 
docking score distribution of the 5 million prioritized compounds was 
substantially shifted toward more favorable energies. For example, the 
most populated bin in the docking score distribution of the training 
set was −25.1 kcal mol−1 for D2R, which was shifted to −51.6 kcal mol−1 for 
the predicted virtual actives (Fig. 4a). A large fraction of the predicted 
compounds (49%) had a docking score better than the energy threshold 
(−49.7 kcal mol−1) used for labeling of the training set, corresponding to 
a 49-fold enrichment of virtual actives. Similar docking energy distribu-
tions were obtained when only 1 million predicted virtual actives were 
selected for molecular docking, demonstrating that users can control 

the extent of database reduction and even achieve up to a 3,500-fold 
decrease in library size.

To assess whether ligands could be discovered using the workflow, 
we selected 31 top-ranked compounds from the D2R screen of 3.5 bil-
lion compounds and evaluated these in a radioligand binding assay at a 
concentration of 10 μM (Supplementary Table 10 and Supplementary 
Data). Of these, compounds 1 and 2 showed significant radioligand 
displacement and affinity values (Ki) values were determined for these 
D2R ligands (Ki = 3.0 μM and Ki = 3.8 μM, respectively; Fig. 4b, Supple-
mentary Table 11 and Supplementary Fig. 15). To further characterize 
compounds 1 and 2, we performed a functional assay quantifying 
D2R-mediated changes in intracellular cAMP. Compounds 1 and 2 were 
full agonists of the D2R with potency values (EC50) values of 10 μM and 
14 μM, respectively (maximal effect, Emax = 99% and Emax = 100%, rela-
tive to the maximal effect of dopamine; Supplementary Fig. 16). These 
results demonstrate that our protocol enables identification of starting 
points for drug discovery by docking only a small subset of compounds 
from a multi-billion-scale library.

Machine learning-guided design of polypharmacology
One of the potential advantages of screening multi-billion-scale com-
pound databases is that improved coverage of chemical space could 
enable discovery of ligands with complex properties, which may be dif-
ficult to find in smaller libraries containing only a few million molecules. 
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unsupervised UMAP projection illustrating the chemical relationship in high-

dimensional feature space. Molecules prioritized by the machine learning 
models are more similar to training set actives than random molecules from a 
large-scale docking (LSD) library. e, Fraction of machine learning-prioritized 
molecules that have a Tanimoto coefficient higher than a specific threshold (0.2 
to 0.9, color bar) with a molecule from the training set actives. Molecules in which 
the predictor is most confident are more similar to actives from the training set. 
f, A2AR ligands from the ChEMBL database were classified into four distinct sets 
based on their P values and a selected significance threshold (ε): virtual actives 
(blue, 1 class), virtual inactives (red, 0 class), both (purple, 1 or 0 class) and null 
(gray, no class assignment). The percentage recall is represented by a pie chart. 
In a, c and e, three independent calculations (training and prediction) were 
performed, and error bars correspond to the standard error of the mean.
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One potential application is to design compounds with activity at mul-
tiple targets that are relevant for the same disease, which could lead 
to synergistic therapeutic effects. For example, the treatment of many 
central nervous system disorders requires the modulation of multiple 
targets (polypharmacology)34. Parkinson’s disease is a neurological 
disorder that can be treated by modulating the activity of D2R and A2AR. 
However, the identification of dual-target ligands of A2AR and D2R is 
challenging because of the lack of similarity between the binding sites 
of the receptors35. To assess whether a machine learning approach could 
facilitate the search for dual-target ligands, A2AR and D2R were pre-
pared for docking calculations. As the treatment of Parkinson’s disease 
necessitates activation of D2R through agonist binding, we generated a 
model of the active receptor state using homology modeling based on 
an agonist-bound cryogenic electron microscopy (cryo-EM) structure 
of the D3 subtype (Protein Data Bank (PDB) accession code: 7CMV), 
which is described in detail in ‘Homology modeling of active-state D2 
dopamine receptor’ in Methods (Fig. 5a). To identify compounds block-
ing A2AR signaling, we prepared an antagonist-bound crystal structure 
(PDB accession code: 8GNE) for molecular docking. In this structure, 
the salt bridge formed by the residues His264 and Glu169 has been 
disrupted and could potentially accommodate the ammonium cation 
characteristic of dopaminergic ligands. After optimizing the receptor 
models and docking parameters, strong enrichment of known ligands 
was obtained for both targets (Supplementary Fig. 17). A new training 
set of 1 million random molecules from a lead-like library (see ‘Docking 
library preparation’ in Methods) containing more than 3 billion com-
pounds was then docked to both receptors. As anticipated, the resulting 
docking score distributions illustrate that compounds that bind to 
both targets would be difficult to identify in small libraries. The over-
lap between the top-ranked compounds (top 1%) was less than 0.02% 
(Fig. 5b). For both targets, conformal predictors were trained and used 
to predict the remaining billions of compounds in the lead-like library. 
To enhance the likelihood of obtaining favorable docking scores across 
both targets, the predicted molecules were ranked according to the sum 
of their quality of information (PA2AR,1 – PA2AR,0 + PD2R,1 – PD2R,0: in which Pφ,1 
and Pφ,0 correspond to the confidences that a specific molecule belongs 
to the active and inactive class, respectively, for target φ) and the 5 mil-
lion top-ranked compounds were then prioritized for explicit docking. 
The docking score distributions of the machine learning-prioritized 
compounds were substantially shifted toward better energies for both 
targets (17- and 34-fold for A2AR and D2R, respectively; Fig. 5c), leading 
to an enrichment of dual virtual actives. More than 3.8% of the 5 mil-
lion docked molecules had energies better than both score thresh-
olds (top 1%), corresponding to a 191-fold enrichment of dual virtual 
actives compared with docking of a random library. The molecules 
were subsequently sorted according to the sum of their individual 
docking ranks (rankA2AR + rankD2R), and the top-ranked molecules were 
then visually inspected for their complementarity with the respective 
binding sites. Encouragingly, the molecules formed hydrogen bonds 
with residues known to be important for ligand binding to the A2AR 
(Asn2536.55) and D2R (Asp1143.32) (Ballesteros-Weinstein residue number-
ing scheme36 denoted as superscripts). A set of 45 compounds was prior-
itized for make-on-demand synthesis and successfully obtained within 
4–5 weeks. The compounds were first tested in an A2AR radioligand 
binding assay at a concentration of 20 μM (Supplementary Table 12 
and Supplementary Data). Of these, the binding affinities of four com-
pounds (4–6) that showed significant radioligand displacement were 
determined, leading to Ki values ranging from 1.3 μM to 20 μM (Sup-
plementary Table 13). Compounds 4–6 were subsequently tested at 
D2R at a concentration of 20 μM, which showed that compound 5 also 
binds to this target (Ki,D2 = 14 μM, Ki,A2A ≈ 20 μM; Fig. 5d, Supplementary 
Table 14 and Supplementary Fig. 18). The dual-target compound 5 was 
predicted to form hydrogen bonds with orthosteric binding site resi-
dues Asn2536.55 and Asp1143.32 for A2AR and D2R, respectively (Fig. 5e,f). 
These observations indicate that our virtual screening workflow can 
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be applied to identify starting points for the development of drugs 
with multi-target profiles tailored for treatment of complex diseases.

Discussion
The rapid expansion of commercial chemical libraries has sparked 
the development of diverse structure-based virtual screening meth-
ods aiming to reduce the computational cost of exploring chemical 
space. Several of these approaches incorporated machine learning 
techniques to efficiently evaluate libraries ranging from millions to 
billions of compounds13–15,37. Compared with previously developed 
methods tackling ultralarge libraries, our approach is based on CP, 
a robust framework that enables control over the error rate of the 
predictions16. We extend the application of conformal predictors to 
multi-billion-scale libraries by leveraging class-specific confidence 
levels to identify top-scoring molecules. Our approach achieves equiva-
lent or better recall values and database reductions as other workflows, 
without the need for resource-intensive active learning. Our compari-
son of substructure-based fingerprints with more recently developed 
data-driven descriptors demonstrates that traditional fingerprints suf-
fice for this type of application, in agreement with a recently published 
study37. Integrating these key advantages led to a workflow capable of 
traversing vast chemical libraries but requiring only modest computa-
tional cost associated with the training and prediction steps. Notably, 
our results demonstrate that the effectiveness of machine learning as 

a proxy for molecular docking is target dependent, underscoring the 
need for large and diverse benchmarking sets to achieve generalizable 
methods. To catalyze further development of methods in this field, 
we share both our virtual screening workflow, which is compatible 
with any docking software, and extensive benchmarking sets for eight 
diverse protein targets.

Other methods to explore large chemical libraries via molecu-
lar docking use a hierarchical approach38,39, which is fundamentally 
different from the machine learning techniques. For example, the 
V-SYNTHES method is based on the same principles as fragment-based 
ligand discovery. First, a small set of fragment-sized compounds called 
synthons, which represent substructures of larger compounds in the 
multi-billion-scale library, is docked to the binding site. In a second 
step, larger molecules that embed top-scoring synthons are docked to 
identify compounds with improved docking scores. Currently, hierar-
chical approaches do not require the use of machine learning because 
the number of synthons and their corresponding elaborations are small 
enough to allow for explicit molecular docking. Furthermore, as the syn-
thon library is not exchangeable with the database of fully enumerated 
molecules, a conformal predictor trained on synthon docking results is 
unlikely to accurately predict top-scoring compounds. As the libraries 
continue to grow, a comparison of the effectiveness of the hierarchical 
and machine learning approaches could reveal how these complemen-
tary techniques could be combined to further accelerate virtual screens.
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scale libraries. a, Homology models (gray lines) of the active D2R were 
constructed using a cryo-EM structure of the D3 dopamine receptor complexed 
with the Gi protein (PDB accession code: 7CMV) as a template. The final model 
used for prospective screening is depicted in blue. b, Two-dimensional density-
normalized scatterplot of docking scores of 1 million random molecules present 
in the training set. Normalized frequency distribution of molecules docked 
against D2R (blue) and A2AR (red). Dashed lines represent the score threshold 
(top 1%) that divides the datasets into virtual actives and inactives. c, Two-
dimensional density-normalized scatterplot of docking scores of 5 million 
molecules prioritized by machine learning models. For both A2AR and D2R, 5 

independent CatBoost classifiers were trained on 1 million random molecules 
from a docking screen. Normalized frequency distribution of molecules docked 
against D2R (blue) and A2AR (red). The score distributions of the training set 
compounds are shown in gray. The docking scores of compound 5 are shown 
as a vertical blue line for D2R and a horizontal red line for A2AR. d, The chemical 
structure of compound 5, a A2AR–D2R dual-target ligand, is shown. For both 
targets, the docking scores (in kcal mol−1), P values (1, confidence in being 
a virtual active; 0, confidence in being a virtual inactive) and Ki values (µM, 
determined from 3 independent experiments) are shown. e, Predicted binding 
mode of compound 5 in the A2AR orthosteric site. f, Predicted binding mode of 
compound 5 in the D2R orthosteric site.
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A unique aspect of our work is the combination of a powerful 
machine-learning method with experimental evaluation of predic-
tions, which reveals the potential and limitations of this approach. 
Our first screen showed that agonists of D2R, an important drug tar-
get for neuropsychiatric and neurodegenerative diseases, could be 
identified by the workflow. Interestingly, the hit rate from the docking 
screen was comparable to previous screens using smaller libraries40. 
Although screens of large libraries has yielded exceptionally potent 
compounds, these results suggest that further progress may be par-
tially limited by the accuracy of molecular docking. As recent studies 
have shown, flaws in docking scoring functions may lead to an accu-
mulation of false positives among the top-scoring compounds in large 
libraries10,41. By reducing the number of compounds requiring explicit 
docking, our approach enables resources to be reallocated toward 
accurate re-scoring of top-ranked compounds using more advanced 
methods. Despite these challenges, our second prospective screen 
for multi-target ligands also illustrates the tremendous opportunities 
provided by access to larger libraries, which will soon reach the trillion 
scale. Encouragingly, prospective screens against A2AR and D2R identi-
fied a dual-target ligand, which represents a promising starting point 
for the development of drugs for the treatment of Parkinson’s disease34. 
Hence, expanding the sampling across broader regions of chemical 
space can enable the discovery of ligands with complex properties 
that may not be found in smaller libraries. A further extension of our 
virtual screening approach could involve the multi-objective design of 
ligands with specific selectivity, physiochemical and pharmacokinetic 
properties by integrating conformal predictors trained for differ-
ent tasks. Collectively, our results demonstrate how docking screens 
guided by conformal predictors can accelerate the development of 
small-molecule therapeutics.

Methods
Docking library preparation
The Enamine REAL Database (November 2019 version, 12.3 billion com-
pounds) was reduced to a rule-of-four chemical subspace by exclud-
ing compounds with a molecular weight over 400 Da and cLogP over 
4 using RDKit42. The rule-of-four subspace contained 3,541,746,925 
compounds. A random sample containing 15 million compounds (0.4%) 
from this library was obtained after shuffling the Simplified Molecular 
Input Line Entry System (SMILES) with Terashuf43. Molecules were 
prepared for docking using DOCK3.7 standard protocols44. CXCalc 
(ChemAxon’s Marvin package Marvin 18.10.0) was used to calculate 
predominant protomers at relevant pH levels (6.9, 7.4 and 7.9). Confor-
mational ensembles were generated with OMEGA (OpenEye, version 
2020.2) and were capped at 400 conformations and an inter-conformer 
root mean squared deviation (r.m.s.d.) diversity threshold of 0.25 Å. 
In-house preparation of these rule-of-four molecules approximately 
took 18 CPU-seconds per compound. Preparation of 1 million molecules 
present in our training set for docking was completed in approximately 
5,000 CPU-hours. In the prospective screens for dual-target com-
pounds, the Enamine REAL Database (November 2022 version, 33.5 bil-
lion compounds) was reduced to a subspace of 3,137,276,984 lead-like 
molecules (ZINC Database definition: 20 ≤ heavy atom count ≤ 25 and 
−5 ≤ cLogP ≤ 3.5) using a similar procedure to that described above. The 
conformational ensembles of lead-like molecules were capped at 200 
conformations and an inter-conformer r.m.s.d. diversity threshold 
of 0.5 Å. A random sample of 1 million rule-of-four WuXi GalaXi mol-
ecules (March 2024 version) was prepared using the same protocol 
as described above. The WuXi GalaXi rule-of-four space contained 
1,371,598,090 compounds.

Molecular descriptors
Canonical SMILES were used to generate three different molecular 
descriptors as input data for the machine learning classifiers. Morgan2 
descriptors were generated using RDKit29,42. Continuous data-driven 

descriptors were generated using the CDDD Python library31. The RoB-
ERTa model generated descriptors directly from the SMILES. We used a 
pretrained RoBERTa model45 to generate the internal encoded represen-
tation of each molecule using the simpletransformers Python library46.

Preparation of proteins for docking
Experimental structures of the selected protein targets were extracted 
from the PDB. Details regarding preparation of crystal structures for 
molecular docking are provided in Supplementary Table 1. Unless 
stated otherwise, water molecules and other solutes were removed 
from the experimental structures. The N- and C-termini were capped 
with acetyl and methyl groups, respectively, using PyMOL47. The 
atoms of the bound ligands were used to generate matching spheres 
in the binding site. DOCK3.7 uses a flexible ligand algorithm that 
superimposes rigid segments of a molecule’s pre-calculated con-
formational ensemble on top of the matching spheres44. Histidine 
protonation states were assigned manually after visual inspection of 
the hydrogen-bonding network. The remainder of the protein struc-
ture was protonated by REDUCE48 and assigned AMBER49 united atom 
charges. The dipole moments of key residues involved in recognition 
of the bound ligands were increased to favor interactions with these 
(Supplementary Fig. 2). This technique is common practice for users 
of DOCK3.7 to improve docking performance and has been used in 
previous virtual screens50. The atoms of the co-crystallized ligands 
were used to create two sets of sphere layers on the protein surface 
(referred to as thin spheres). One set of thin spheres described the 
low dielectric region of the binding site. A second set of thin spheres 
was used to calibrate ligand desolvation penalties. Scoring grids were 
pre-calculated using QNIFFT51 for Poisson–Boltzmann electrostatic 
potentials, SOLVMAP52 for ligand desolvation, and CHEMGRID53 for 
AMBER van der Waals potentials. For each protein target, known ligands 
were retrieved from the ChEMBL database or previous studies, followed 
by generation of property-matched decoys according to the procedure 
described in ref. 54. Actives and decoys control sets were docked to the 
protein structures to evaluate the influence of different docking grid 
parameters (the radii of electrostatic and desolvation thin spheres). 
Finally, ligand enrichment and predicted binding poses were used to 
select the optimal grid parameters50.

Homology modeling of active-state D2 dopamine receptor
Alignment of the human D2 and D3 dopamine receptor sequences 
was performed using the GPCRdb (https://gpcrdb.org/)55. One hun-
dred homology models of the activated D2R bound to agonist ligand 
(PD128907) were constructed using MODELLER56 version 10.2 based 
on a cryo-EM structure of the D3 dopamine receptor complexed with 
the Gi protein57 (PDB accession code: 7CMV) as a template. Residues 
5 to 11 were restrained to form an alpha helix and the residue pairs 
Cys77–Cys152 and Cys235–Cys237 were set to form disulfide bridges. 
Molecular docking grids of homology models were constructed using 
the same protocols as for the antagonist-bound D2 dopamine receptor 
crystal structure (PDB accession code 6CM4; Supplementary Table 1). 
The resulting docking grids were then evaluated for their ability to 
reproduce the modeled binding mode of PD128907 in the correspond-
ing homology models and enrich 25 known D2R agonists among a set of 
in-house-generated decoys54. A final receptor model was selected based 
on agonist enrichment calculations and the presence of the conserved 
salt bridge interaction with Asp1143.32 in docking screens.

Molecular docking calculations
The orientational sampling parameter was set to 5,000 matches for 
both the rule-of-four benchmarking set and molecules selected based 
on machine learning predictions. Molecules in the ultralarge docking 
screens (235 million lead-like molecules from the ZINC15 database32) 
were docked using 1,000 matches. During the generation of the bench-
marking dataset, for each docked compound, 18,652 orientations were 
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calculated on average, and for each orientation, an average of 1,654 
conformations were sampled. The best-scoring pose of each ligand 
was optimized using a simplex rigid-body minimizer.

Compound selection from docking screens
To bias the multi-billion virtual screen targeting the D2R toward iden-
tification of novel chemotypes, we selected compounds that were 
dissimilar to known dopamine receptor ligands (>11,000 ChEMBL 
compounds). The molecular diversity was increased by clustering the 
100,000 top-scoring docked compounds (0.003% of the entire library) 
by topological similarity. The best-scoring molecule from each cluster 
was visually inspected for its complementarity with the binding site 
and a set of 31 compounds were selected from the 1,000 top-ranking 
clusters (Supplementary Table 10 and Supplementary Data). The 
make-on-demand compounds were available in in the Enamine REAL 
Database and were successfully synthesized in 4–5 weeks.

Machine learning-accelerated virtual screening pipeline
Our workflow for combining machine learning and molecular docking 
(Fig. 1) consists of the following consecutive steps, which are described 
in detail in this section and Supplementary Fig. 1.

Step 1 Preparation and docking of the training set. A set of randomly 
selected molecules from an ultralarge chemical library is docked to 
the target protein structure (Fig. 1a–d). We recommend a training set 
of 1 million molecules in virtual screens of multi-billion-scale libraries.

Step 2 Generation and labeling of the training set. A docking score 
threshold (Fig. 1e) is selected to label each compound in the training 
set as either virtual active (better score than the selected threshold) 
or inactive (equal or worse score than the selected threshold). As our 
CP approach is based on aggregating predictions made by several 
classifiers, multiple independent training sets are generated. Our 
recommendation is to label the top-scoring 1% of the training set as 
virtual active and generate 5 independent training sets.

Step 3 Molecule featurization and training of the classifier. Molecu-
lar descriptors of each molecule in the training set are generated as 
input for the classifier. Each of the training sets is used to train an 
independent classification model to distinguish virtual actives from 
inactives (Fig. 1f,g).

Step 4 Conformal prediction for the ultralarge library. The trained 
classification models are used to evaluate compounds from the 
ultralarge chemical library (Fig. 1h). Mondrian conformal predictors 
provide class-specific confidence levels, which allow compounds to 
be categorized into one of the following four sets based on a selected 
significance level (ε): virtual active, virtual inactive, both (virtual 
active or inactive) and null (no class assignment). The significance 
level can be tuned to control the size of the virtual active set, which 
is predicted to contain compounds with a docking score better than 
the selected threshold.

Step 5 Post-processing and compound selection. The database 
reduction level achieved by the workflow is target dependent, and 
additional post-processing steps can be applied to identify the most 
promising compounds. The compounds assigned to the virtual active 
set are ranked by sorting them based on the quality of information 
(meaning, prioritizing the predictions in which the classification model 
has the highest confidence) and a subset of these are docked to the 
target. Top-scoring molecules are clustered by chemical similarity and 
representative compounds are visually inspected (Fig. 1i,j), followed 
by synthesis and experimental evaluation of selected compounds 
(Fig. 1k–l). We recommend docking a set of 1 million to 5 million mol-
ecules selected based on the quality of information.

Training and evaluation of machine learning classifiers
CP is a QSAR method in which an ensemble of models is used to classify 
molecules present in an objective set (Supplementary Fig. 1). The dock-
ing scores of the datasets were used to label molecules as virtual actives 
(top 1%) and virtual inactives (bottom 99%), unless stated otherwise. 
The scikit-learn 0.24.2 package58 was used to perform a stratified split of 
the datasets into proper training sets (80% of training set), calibration 
sets (20% of training set) and test sets. The ratio between virtual actives 
and inactives was maintained in all sets. This procedure was repeated 
using different random seeds to obtain independent sets. The CatBoost 
0.26 Python package was used for building and training the corre-
sponding classifiers. The PyTorch 1.7.1 package59 combined with the 
RangerLars optimizer60 was used for training the deep neural networks. 
The RoBERTa classifier was implemented from the simpletransform-
ers 0.61.6 package46. The Skorch 0.10.0 package61 was used to connect 
the scikit-learn and PyTorch frameworks. A detailed description and 
analyses of the hyperparameters used in each classifier are provided in 
Supplementary Table 2 and Supplementary Figs. 3–5. The compounds 
in the test set were assigned normalized P values (confidence that the 
sample belongs to 1 class, P1; and 0 class, P0) by each individual classifi-
cation model and its corresponding calibration set. The resulting sets 
of P1 and P0 values were aggregated into a single pair of P values by tak-
ing the respective medians of predictions made by individual models 
(Supplementary Fig. 1). On the basis of the aggregated P values and the 
selected significance level (ε), the Mondrian CP framework was used to 
divide the compounds into virtual active, virtual inactive, both (mean-
ing either virtual active or inactive) and null (no class assignment) sets. 
Several metrics were used to assess the performance of the conformal 
predictors. The sensitivity was defined as:

Sensitivity = TP
AP (1)

where TP (true positives) were true active molecules correctly classi-
fied by the CP framework (that is, in the predicted virtual active and 
both sets). AP (all positives) were all molecules with a score better 
than the threshold used to define the virtual actives. The precision 
was defined as:

Precision = TP
TP + FP (2)

where FP (false positives) were true inactive molecules incorrectly 
classified by the CP framework (that is, in the predicted virtual active 
and null sets). The efficiency was defined as:

Efficiency = {1} + {0}
AP + AN (3)

where {1} are the predicted virtual actives and {0} the predicted virtual 
inactives. AN (all negatives) were all molecules with a score worse than 
or equal to the threshold used to define the virtual actives. The overall 
error rate was defined as:

Overall error rate = FP + FN
AP + AN (4)

where FN (false negatives) are true virtual active molecules incorrectly 
classified by the CP framework (that is, in the predicted virtual inac-
tives and null sets). The error rate for the virtual actives was defined as:

Actives error rate = FN
AP (5)

The error rate for the virtual inactives was defined as:

Inactives error rate = FP
AN (6)

http://www.nature.com/natcomputsci


Nature Computational Science | Volume 5 | April 2025 | 301–312 310

Article https://doi.org/10.1038/s43588-025-00777-x

Computational costs and hardware specifications
To train a conformal predictor on 1 million Morgan2 fingerprints, 
approximately 4 GB of random access memory was required. Training 
and predicting were performed using 2x Intel Xeon Gold 6130 CPUs 
@ 2.10 GHz. The RoBERTa models were trained on 12 cores of a single 
Nvidia Tesla T4 graphics processing unit with 1,844 GiB memory. The 
times (in seconds) required to train a conformal predictor on 1 million 
molecules with different architectures and descriptors or predict 1 mil-
lion molecules are reported in Supplementary Table 9.

Binding assays
Screening compounds (Supplementary Tables 10 and 12) were pur-
chased from Enamine (compound purity >90%, which was confirmed by 
liquid chromatography−mass spectrometry and 1H NMR spectroscopy 
for identified ligands; Supplementary Figs. 19–30). Human D2R compe-
tition binding experiments were carried out in polypropylene 96-well 
plates. Each well contained 20 µg of membranes from a CHO-D2R #S20 
cell line (protein concentration of 4,322 µg ml−1), 1.5 nM [3H]-spiperone 
(54.3 Ci mmol−1, 1 mCi ml−1, PerkinElmer NET1187250UC) and the com-
pound studied. Non-specific binding was determined in the presence of 
10 µM sulpiride (Sigma Aldrich S8010). The reaction mixture (250 µl per 
well) was incubated at 25 °C for 120 min, after which 200 µl was trans-
ferred to a GF/C 96-well plate (Millipore) pretreated with 0.5% PEI and 
treated with binding buffer (50 mM Tris-HCl, 1 mM EDTA, 5 mM MgCl2, 
5 mM KCl, 120 mM NaCl, pH 7.4). The reaction mixture was filtered and 
washed 4 times with 250 µl wash buffer (50 mM Tris-HCl, 0.9% NaCl, 
pH 7.4) before the addition of 30 μl Universol. The final measurement 
was performed in a microplate beta scintillation counter (Microbeta 
Trilux, PerkinElmer). Human A2AR competition binding experiments 
were carried out in a multiscreen GF/C 96-well plate (Millipore) pre-
treated with binding buffer (Tris-HCl 50 mM, EDTA 1 mM, MgCl2 10 mM, 
2 U ml−1 adenosine deaminase, pH 7.4). Each well was incubated with 
5 μg of membranes from the HeLa-A2A cell line and prepared in our 
laboratory (lot A003/14-04-2019, protein concentration 2,058 μg ml−1), 
1 nM [3H]-ZM241385 (50 Ci mmol−1, 1 mCi ml−1, ARC-ITISA 0884), and 
the compounds studied and standards. Non-specific binding was 
determined in the presence of NECA 50 μM (Sigma E2387). The reac-
tion mixture (total volume of 200 μl per well) was incubated at 25 °C 
for 30 min, then filtered and washed 4 times with 250 μl wash buffer 
(Tris-HCl 50 mM, EDTA 1 mM, MgCl2 10 mM, pH 7.4), and measured in a 
microplate beta scintillation counter (Microbeta Trilux, PerkinElmer). 
Unless stated otherwise, three independent experiments were carried 
out to calculate Ki values.

Functional assays
Human D2R activity was measured by determining the amount of cAMP 
produced. Human D2R functional experiments were carried out in 
a CHO-D2 #S20 cell line. Five-thousand cells were seeded in 30 μl of 
Optimem (Invitrogen 11058) + 500 μM IBMX (Sigma 17018) on a 96-well 
black-and-white isoplate (PerkinElmer 6005030). Test compounds and 
dopamine were added in their corresponding wells and incubated for 
10 min at 37 °C with gentle stirring (150 r.p.m.). Then, 10 µM forskolin 
(Sigma 17018) was added and incubated for 5 min at 37 °C with gentle 
stirring (150 r.p.m.). Reagents from the kit (#CISBIO 62AM4PEC) were 
added and incubated for 1 h at room temperature with gentle stirring 
(90 r.p.m.) and protected from light. HTRF (excitation wavelength: 
320 nm; emission wavelengths: 620–665 nm) from each well was meas-
ured using a Tecan Infinite M1000 Pro. Two independent experiments 
were carried out to calculate EC50 and Emax values.

Statistics and reproducibility
Compounds for which no molecular descriptors could be generated 
were excluded from the analyses. No statistical method was used to 
predetermine the sample size. Training and test sets were generated by 
taking random samples with the determined size of the virtual libraries. 

Proper training and calibration sets were constructed by performing 
a stratified split on the parent training sets, maintaining the ratio of 
samples belong to the minority and majority classes. Unless stated 
otherwise, three independent calculations (training and predictions) 
were performed to derive statistics on model performance. Unless 
stated otherwise, three independent experiments were performed to 
derive statistics on the activities of the designed compounds.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The ZINC15 and Enamine REAL databases are available at https://
zinc15.docking.org and https://enamine.net/compound-collections/
real-compounds/real-database, respectively. The PDB accession codes 
for the molecular docking calculations are 4EIY, 6DPT, 6XUE, 6CM4, 
5FNU, 6W63, 6G3Y, 6X48, 8GNE and 7CMV. Associated source data are 
provided for Figs. 2–5. All compounds tested are listed in the Supple-
mentary Tables 10 and 12, and Supplementary Data. Chemical identi-
ties, purities (liquid chromatography−mass spectrometry), yields and 
spectroscopic analysis (1H NMR) for active compounds are provided in 
the Supplementary figures. Large-scale docking datasets are deposited 
on Zenodo at https://doi.org/10.5281/zenodo.7953917 (ref. 62).

Code availability
The conformal predictor source code is freely available and can be 
found on the GitHub at https://github.com/carlssonlab/conformal-
predictor. The original code is deposited on Zenodo at https://doi.
org/10.5281/zenodo.14709041 (ref. 63).
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