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ClassyPose: a machine-learning classification model for ligand pose selection

Physics-based pose generation
ML-based pose selection
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Strong docking power: 

ClassyPose identified the native 

ligand pose as top-ranked 

solution in:

✓ 90% of the test entries

✓ 92.24% of the hard test 

entries
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ClassyPose: a machine-learning classification model for ligand pose selection
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When physicochemical 

plausibility was evaluated, 

three of the four end-to-

end ML docking tools 

failed to produce valid 

poses for >50% of the test 

set. 

Only Interformer achieved 

performance comparable 

to our logistic regression-

based rescoring models.
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NextTopDocker: the largest-to-date docking power benchmark 
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On the top-1 poses that were both near-
native and PoseBusters-valid: all 10 
logistic regression models recovered 
significantly more key non-covalent 
interactions (hydrogen bonds, ionic 
contacts, π-π stacking) than Interformer.

Robustness and generalization of hybrid 
physics-based pose generation followed 
by ML-based pose scoring over current 
end-to-end generative architectures 
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ClassyPose Recall
Balanced accuracy

ROC-AUC, EF0.1%, EF1% CardioTox net
AttenhERG

HERGAI: a machine-learning model for structure-based hERG inhibitor prediction
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HERGAI: a machine-learning model for structure-based hERG inhibitor prediction
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➢ The primary bottleneck in molecular docking does not lie in pose generation, 

but rather in pose scoring and selection. 

➢ Achieving more accurate and transferable docking predictions requires the 

integration of physically grounded principles. 

➢ Physics-based docking algorithms, when combined with robust, 

interpretable machine-learning frameworks for pose scoring and selection, 

can deliver reliable and computationally efficient solutions to the docking 

problem, and contribute to enhancing screening performance.
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Heatmaps illustrating the 

performance of our ML 

classifiers in four pose 

classification scenarios:

(A) on the entire training set 

with which model training 

had been carried out; 

(B) during 5-fold CV;

(C) on the test set;

(D) on the hard test set. 

For each ML algorithm, 5 

training-test runs were 

carried out per training-test 

partition, after which the 

average value across five 

runs of each metric was 

calculated and indicated.
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Figure S5. Comparison of ROC-AUC, PR-

AUC, balanced accuracy (BA), Matthews 

correlation coefficient (MCC), specificity 

and recall values given by our four ML 

models in four pose classification 

scenarios seen in Figure 4 (five runs per 

model). Statistical analyses were 

performed using the Mann-Whitney-

Wilcoxon test with Bonferroni correction. 

SVM gave significantly better performance 

than the other three ML classifiers (p-

values < 0.05) in terms of ROC-AUC, PRAUC, 

BA, MCC, and recall. Only in terms of 

specificity did SVM give slightly lower 

performance than RF and XGB. 

Nevertheless, this model still gave near-

perfect specificity values (> 0.96 in all 

cases).
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Recall performance of our ML algorithms on sub-populations of good poses in the test set whose sizes increased according to 
increasing RMSD thresholds (Å). 

The average recall value across five training-test runs was computed for each algorithm per good pose sub-population.
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Random Forest
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Random Forest
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Extreme Gradient Boosting
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Extreme Gradient Boosting
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Support Vector Machine
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Support Vector Machine
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Artificial Neural Network
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Artificial Neural Network
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Enrichment in true actives at the top 1%-ranked molecules (EF1%)

• n: total number of actives

• N: total number of ligands

• na: number of actives in the top 1%-ranked population

• N1%: 1% of the total population

EF1% = 
𝒏𝒂/𝑵𝟏%

𝒏/𝑵
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Other metrics



Extended-connectivity fingerprints (ECFP)

2D descriptors in the form of bitstrings that represent all atoms of a given molecule by 

a set of atom identifiers that take into account all neighbors of each atom and the 

bonds that connect them. 

D. Rogers and M. Hahn, J. Chem. Inf. Model. 2010, 50, 742-54

BACK-UP SLIDE



BACK-UP SLIDE

Protein-ligand extended-connectivity (PLEC) fingerprints

• Similar principle to that of ECFPs (only for interacting ligand and target atoms). 

• Pairs of interacting target-ligand atoms are identified: pairwise distance ≤ ‘distance_cutoff’. 

• ≥ 01 “environment(s)” are identified per atom in a pair, covering itself and its neighbors within 

an n-bond diameter (n = ‘depth_protein’, ‘depth_ligand’), registering its atomic features. 

• Target and ligand environments of the same depth are paired up for an interacting target-ligand 

atom pair, all pairings are hashed and folded to a final fingerprint size (‘size’). 

• We use the PLEC function from ODDT v0.7 to extract PLEC features.
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Scoring functions
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