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Abstract 
 
The recent expansion of commercial, chemical databases to billions of make-on demand 

molecules has restructured hit identification methods in early-stage drug discovery. The 

exploration of these ultra-large chemical databases represents a new frontier for the identification 

of novel, potent, and selective drug candidates. Molecular docking is a computational technique 

used to predict the binding modes and affinities of small molecules to a protein binding site, 

enabling fast and cost-effective virtual screening (VS) of large chemical libraries to identify 

novel hit compounds. Machine learning (ML)-augmented molecular docking methods were 

proposed as a new paradigm to screen ultra-large, commercial, chemical libraries and expand VS 

to billions of molecules. These models are generally trained on a small subset of docked protein-

ligand complexes to predict binding affinities of the remainder of the dataset, thereby 

streamlining the identification of promising top-scoring candidates at reasonable computational 

costs.  

Molecular docking continues to be crucial in the acceleration and cost-effectiveness of hit 

identification. However, the simplified modelling of protein-ligand interactions introduces a 

significant number of artifact molecules, especially for ultra-large libraries, with the visual 

inspection of the top-ranked docking hits being the standard protocol to remove these artifacts. 

Common criteria considered in the assessment of modelled protein-ligand binding includes strain 

and unsatisfied polar ligand or protein heteroatoms and thus, various computational tools have 

been developed to automate this filtering process at scale. Moreover, ML-accelerated docking 

models can implicitly learn and propagate these inherent molecular docking artifacts. 

Importantly, no current model addresses the effect of artifacts inherent to molecular docking 

predictions performed at large scale. 

The research herein developed new multi-objective optimization (MOO), ML-accelerated 

molecular docking models to aid in artifact filtering and selection of promising candidates in the 

early stages of drug discovery. These models incorporate selected three-dimensional medicinal 

chemistry properties that were thoroughly evaluated for their potential to improve early 

enrichment in VS. Chapter 2 presents a retrospective evaluation of ligand strain and unsatisfied 

hydrogen bonds as filters in the post-processing of molecular dockings to assess the impact on 

early enrichment. We found their effect on enrichment to be highly system-dependent: there was 
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no single threshold that led to an enrichment of all protein-ligand datasets explored, but several 

proteins showed significant enrichment when using strain, unsatisfied hydrogen bonds, or both as 

filters at specific thresholds. Chapter 3 presents simulated large-scale prospective VS campaigns 

with the developed MOO ML-accelerated molecular docking models and selected three-

dimensional medicinal chemistry filters. Multi-task learning (MTL) was explored to this end. In 

most systems studied, there was an improvement in early enrichment with filtering compared to 

molecular docking score predictions alone. MTL models showed the potential to improve early 

enrichment in large-scale VS, while accelerating runtime (3-4x) and significantly reducing (90-

99%) the chemical database size. This research contributes an open-source, medicinal chemistry-

informed ML-accelerated molecular docking model towards the development of new drug 

discovery tools. 
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Chapter 1: Introduction   
 
1.1 Structure-Based Drug Discovery  
 
Drug discovery is the multi-step and multi-disciplinary process of identifying and characterizing 

potential disease modulators1 – a complex task with a failure rate of 90% in clinical 

development.2 The drug discovery and development process costs over 1 billion CAD and takes 

10-15 years before market release.3 The early stages of drug discovery focus on identifying 

diversified chemical starting points, through the multistep processes of target identification, 

target validation, lead identification, and lead optimization (Figure 1.1). Target-based drug 

discovery has served as the main approach to lead generation in the pharmaceutical industry for 

the past three decades.4 Modern hit identification methods are categorized into biochemical and 

cellular high throughput screening (HTS), biophysical screening, fragment-based screening, or 

in-silico screening.5 HTS is a conventional tool used in the investigation of druggable protein 

families6 and has contributed to the discovery of most novel scaffolds of recent clinical 

candidates7 – however this method is expensive, time-intensive, and limited to chemical 

screenings of hundreds of thousands to few million compounds.5 The chemical search space is 

restricted to chemical vendors’ and in-house screening databases containing several million on-

shelf compounds.7 Moreover, most clinical candidates are more complex and structurally 

different from their starting points8 – driving the investigation of new chemical spaces. In-silico 

methods have been proposed to mitigate the limitations of HTS in the early stages of drug 

discovery. Structure-based drug discovery (SBDD) uses the three-dimensional (3D) structure of 

a protein target to characterize the development of new disease modulators. The integration of 

artificial intelligence (AI) in the earlier stages of SBDD are discussed herein.  

 

 
Figure 1.1. Pre-clinical drug discovery stages. The objective of each pre-clinical drug 
discovery stage.  
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1.1.1 Target Structure Determination   
 
The first step in the early stages of drug discovery is target identification – the identification of 

biological targets involved in a particular disease mechanism that can be modulated with a drug 

to produce a therapeutic effect.9,10 The majority of pharmaceutical drug targets are part of five 

protein families: G protein-coupled receptors (GPCRs), ion channels, kinases, nuclear hormone 

receptors, and proteases.11 GPCRs are the largest protein family targeted in drug development – 

implicated in a multitude of diseases.12 Target identification methods include experimental, 

multiomic, and computational methods or a combination thereof to characterize on-target and 

off-target effects within the proposed therapeutic mechanism.13,14 Recent AI methods have been 

introduced to integrate multiomic data and analyze biological networks in the search of 

modulable targets.15 Subsequent to target identification, target validation is the experimental 

confirmation that a particular biological target can be engaged to produce the intended 

therapeutic effect.16 Modern techniques include initial in-silico target screenings with potential 

drugs prior to in vivo/vitro validation.17 SBDD uses resolved, 3D protein target structures 

determined through techniques like X-ray crystallography, Nuclear Magnetic Resonance 

spectroscopy (NMR), or Cryo-Electron Microscopy (Cryo-EM);18 the majority of protein 

structures, in state or complexes relevant to its biological function, of clinical relevance are 

available in the Protein Data Bank (PDB)19.7 The PDB database now (2025) contains more than 

235,000 3D macromolecules and complexed structures resolved through experimental 

methods.20,21  While structural biology continues to resolve new target structures in the 

advancement of drug discovery, challenges persist in experimental limitations, biological 

complexity, and resource investment;22 the number of known protein sequences (> 200 million) 

vastly exceeds the number of resolved protein structures in PDB.23 AI-based sequence-to-

structure predictive methods are a consequential advancement in structural biology.24 AlphaFold 

is a Deep-learning (DL) model with a central convolutional neural network component trained 

on PDB structures to predict protein structure. AlphaFold exceeded state-of-the art conventional 

structure prediction methods in the Critical Assessment of Structure Prediction (CASP) 13 

competition25 and the improved version (AlphaFold2) with a new equivariant transformer 

architecture prevailed again in the subsequent CASP competition.26 The newest version 

(AlphaFold3) is a diffusion-based model with updated complex prediction for most molecular 
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types present in the PDB.27 Other DL sequence-based protein structure prediction models include 

RoseTTAFold28, OpenFold29, RGN230, ESMfold31, OmegaFold32, and EMBER233.34 

 
1.1.2 Binding Site Elucidation 
 
The characterization of protein-ligand binding sites is crucial in the investigation of orthosteric 

or allosteric sites that can be targeted by potential disease modulators.35 Protein targets with 

known, resolved protein-ligand complex structures may have additional allosteric binding sites 

that merit exploration.36 Traditional structure-based binding site prediction methods are 

categorized into template and pocket-based.37 Template-based methods identify putative binding 

sites based on similar protein templates with known structures and functions;38 these methods 

have shown the best performance across conventional methods where applicable.39 Pocket-based 

methods utilize geometric and physiochemical properties to locate and characterize potential 

binding sites. Recent structure-based binding site prediction methods have integrated and 

augmented conventional physics-based methods with AI. Deep learning (DL) methods40–45 and 

point cloud algorithms46,47 have been used to extract geometrical patterns in protein-ligand 

binding sites and hybrid methods48–50 that integrate large-scale structural data in the 

identification of potential druggable target sites.51   

 
1.1.3 Chemical Databases  
 
Commercial databases have been developed to facilitate the efficient exploration of potential 

disease modulators. Early chemical databases contained pre-synthesized molecules with 

structural scaffolds, functional groups, and chemical properties representative of biomolecules, 

available in inventories at pharmaceutical vendors.52 The recent expansion of commercial, 

chemical databases to billions of molecules has restructured hit identification methods – 

predefined building blocks and chemical reactions enable on-demand synthesis of small 

molecules. The exploration of ultra-large, chemical databases represents a new frontier for the 

identification of novel, potent, and selective drug candidates.53,54 Reported trends indicate that 

increasing the scale of virtual screenings improves molecular docking results, and the 

identification of new chemotypes and higher-affinity binders.55,56  Several commercial databases 

have been developed to this end. The newest ZINC version (ZINC-22) contains over 37 billion 

enumerated, available compounds derived from multiple multi-billion scale make-on-demand 
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libraries. ZINC has contributed to the identification of numerous, potential inhibitors across 

different protein families.57–63 Enamine REAL64 has over 76 billion make-on-demand 

compounds and numerous subsets such as the REAL diversity set (drug likeness set). REAL has 

been explored in the identification of novel GPCR chemotypes65–67, SARS-CoV-2 Mpro 

binders68,69, and more70–73. Other commercial chemical databases include GalaXi, CHEMriya, 

eXplore, Freedom Space, ULTIMATE, and SaVI74. These resources have advanced chemical 

space exploration with a focus on easily synthesizable compounds, but neglect druglike 

molecules derived from more abstract and complex chemical reactions. Academic research 

groups have made efforts to develop commercial databases based on innovative chemistry 

invented in academic laboratories. The Pan-Canadian Chemical Library is an open-source 

database with more than 148 billion compounds derived from chemical reactions developed in 

academic laboratories and compatible ZINC reagents, which have minimal intersection with 

other commercial databases.75  

 

Bioactivity databases compile well-annotated biological activity data of chemical compounds, 

curated from scientific literature, patents, and experimental repositories. Virtual screening (VS) 

campaigns depend on bioactivity databases to source known, active compounds that can serve as 

starting points and/or as benchmarks to evaluate VS performances in drug discovery programs.76 

PubChem77 is a public chemical database at the U.S National Institutes of Health with chemical 

compounds (>120 million) and biological activities tested in assay experiments78, and other 

chemical information (properties, pharmacology, toxicology, drug target, metabolism, safety and 

handling, etc.79). LIT-PCBA is a benchmark dataset designed for VS/ML applications, founded 

on 149 PubChem dose-response bioassays further processed to remove false positives and assay 

artifacts, and maintain similar active and inactive molecular property distributions; the dataset 

contains 15 targets representing protein families of pharmaceutical interest, confirmed actives, 

and confirmed inactive compounds.80 ChEMBL81 is a large, open-access bioactivity database 

(>2.5 million) at the European Bioinformatics Institute with information curated from assays in 

several core medicinal chemistry journals.82 Other bioactivity databases include PDBbind83, 

CSAR84, BindingMOAD85, and BindingBD86.  
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Decoy databases are commonly used in retrospective screens to select an appropriate VS 

protocol that can separate known, active compounds and inactive or decoy compounds. Inactive 

compounds are scarcely described and documented87; computational decoys are generated to 

simulate inactive compounds based on property match to known, active compounds while 

maintaining topological distinction. Decoy databases are designed to minimize bias between 

active and decoy characteristics (structural complexity and diversity, chemical space coverage, 

and latent actives in the decoy set).87 The Database of Useful Decoys: Enhanced (DUD-E)88 is an 

optimized version of the Database of Useful Decoys (DUD)89, which has been widely used in VS 

benchmarking. DUD-E contains 102 drug targets representing the major pharmaceutical protein 

families, ChEMBL clustered actives each with 50 property-matched ZINC decoys, and a tool to 

generate improved, matched decoys for user-supplied actives of alternative drug targets.88 The 

latest version (DUDE-Z90) is further optimized to address unintended biases identified in former 

versions: the addition of decoys that represent charge extrema and characteristics of the 

prospective dataset to mitigate overoptimization for electrostatic interactions and artificial 

enrichment, respectively.90 Other decoy databases include MUV91, DEKOIS 2.092, D-COID93, 

and LUDe94. ML-based decoy generation tools are a more recent method: DeepCoy95 and 

TocoDecoy.96  

 

VS benchmarking datasets have been developed specific to major protein families in drug 

discovery. These datasets provide standardized collections for protein targets of pharmaceutical 

interest to assess and optimize VS protocols.97 GPCR-Bench is a benchmark dataset with 24 

GPCR co-structures, ChEMBL19 actives, and DUD-E-generated decoys98. Kinase-Bench is a 

another focused protein family benchmark dataset.99  

 
1.2 Structure-Based Virtual Screening  
 
Structure-based virtual screening (SBVS) is a computational technique in SBDD that uses 

molecular docking to predict the binding affinity of small molecules to the binding site of a 

protein target. This enables fast and cost-effective screening of millions of molecules in the 

identification of virtual hit compounds. AI-augmented molecular docking methods were 

proposed to screen ultra-large, commercial, chemical libraries – expanding screening to billions 

of molecules. The rapid advancement of affordable computing resources has made it feasible to 
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implement these methods at scale.7 Machine learning (ML)- and deep learning (DL)-accelerated 

docking models are commonly used to predict binding affinities for ultra-large chemical 

libraries. These methods, their current limitations, and recent discoveries implementing these 

methods are discussed herein.  

 
1.2.1 Molecular Docking  
 
Molecular docking is a computational technique used to predict the binding mode and affinity of 

small molecules (ligands) to the binding site of a protein target – expanding the scope of small 

molecule exploration at reduced time and cost compared to traditional experimental methods.100 

Molecular docking uses algorithmic sampling to explore protein-ligand binding modes and a 

scoring function to assess conformations in the predicted binding mode.101 Popular molecular 

docking programs include AutoDock102, AutoDock-Vina103, Glide104, GNINA105, and more.18  

 

Rigid docking treats both the protein and ligand as rigid bodies that do not undergo 

conformational change during the docking process to simplify the modelled binding interaction – 

this treatment ignores the dynamic nature of protein-ligand binding (induced-fit) as it relies on 

pre-computed ligand conformations and rigid protein structures.106  Flexible docking treats the 

ligand as flexible, and some programs also consider aspects of the protein as flexible during the 

docking process; flexible protein treatment can involve flexible modeling of key protein 

sidechains or the use of molecular dynamics simulations to consider multiple protein 

conformations. 

 

Molecular docking search algorithms are used to predict the most energetically favourable ligand 

binding mode within the protein binding site. These search algorithms must be efficient and 

comprehensive in conformational sampling – exhaustive exploration of the entire search space is 

not feasible. Molecular docking search algorithms are classified into systematic or stochastic 

methods. Systematic search algorithms (iterative18, fragmentation107, and database108 methods) 

produce protein-ligand binding conformations through the exploration of slight variations in 

ligand structural parameters to probe the energy landscape of the conformational space and 

converge to a minimum energy solution.109 Stochastic search algorithms (Monte Carlo101, 

genetic109, Tabu106, and swarm110 optimization methods) produce protein-ligand binding 
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conformations through the generation of conformation ensembles to populate a wide range 

energy landscape and converge to a minimum energy solution; this search method increases the 

probability of finding a global minimum energy solution at the consequent increase in 

computational cost.109  

 

Molecular docking scoring functions are mathematical functions used to predict the absolute free 

binding energy of protein-ligand complex formation – entropic and enthalpic terms are 

incorporated to model the binding interaction. These scoring functions must be efficient and 

accurate in scoring binding modes, reliable in the identification of active compounds, and 

discriminative in binding to the native target and off-targets.111 Classical scoring functions are 

classified into physics, empirical, and knowledge-based. Physics, force field-based scoring 

functions use molecular mechanics force-field terms to estimate binding energy as the sum of 

enthalpic interactions between protein-ligand atom pairs and neglect entropic effects.112 

Empirical-based scoring functions estimate protein-ligand binding affinity as the sum of 

weighted energetic terms (hydrophobicity, electrostatic, desolvation, hydrogen bond, steric 

clashes, etc.);113 the weights are optimized using linear regression analysis on a training set with 

known binding affinities.114 Knowledge-based scoring functions are founded on the statistical 

analysis of protein-ligand complex atom pair interactions from experimental structural 

information.115ML scoring functions incorporate non-linear regression. Common algorithms 

include random forest, support vector machine, neural networks, etc. These ML models are 

trained on limited, experimental protein-ligand structural data and therefore are commonly used 

to rescore docked protein-ligand complexes.114,116,117  

 

Protein-ligand binding is dependent on intermolecular interactions, solvent effects, and 

dynamics.118 The inaccuracies in scoring functions produce implausible molecules (torsional 

strain, absent intermolecular interactions, steric clashes, etc.).119–121 Computational protein-

ligand binding can model molecules with strained internal torsions to increase contact with the 

static protein representation.119 These irregular torsions are not present in the torsion distribution 

of molecules in experimental structural databases.122 Moreover, hydrogen bonding is crucial 

component of protein-ligand binding in their aqueous environments. New protein-ligand 

interactions should compensate the disruption of protein- and ligand-water interactions in 
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binding.123 The implicit solvation model used in common scoring functions is an oversimplified 

treatment of solvent interactions.124 Implicit solvent models treat the solvent as a continuous 

medium to consider macroscopic properties and speed up simulations – this neglects the 

representation of specific solvent-solute interactions (hydrogen bonding or the solvent effect on 

the protein-ligand solvation shell). Computational protein-ligand binding can also be modelled 

with buried, unsatisfied hydrogen bond donors and acceptors in the binding site – unsatisfied 

polar heteroatoms in protein binding sites are very rare.125 The high intrinsic energetic cost of 

these modelled molecules is not accounted for in their scoring. These artifacts are a product of 

simplified molecular models, force fields, and search algorithms used in the modelling of 

protein-ligand binding. 

 

Molecular docking continues to be crucial in the acceleration and cost-effectiveness of the early 

stages of drug discovery.126 Though additional post-processing techniques or computational tools 

are required to select hit candidates for experimental testing.  

 
1.2.2 Artificial Intelligence-Augmented Docking  
 
Recent computational techniques have been introduced to capacitate ultra-large scale VS: 

molecular docking with high-performance computing cluster parallelization, Graphical 

processing unit (GPU)-accelerated molecular docking, hierarchical VS, and AI-augmented 

molecular docking.127 AI-augmented molecular docking methods (Figure 1.2) were proposed as 

a new paradigm to screen ultra-large, commercial, chemical libraries. ML/DL-accelerated 

models are trained on a small subset of docked protein-ligand complexes to predict binding 

affinities. These algorithms can learn complex patterns and interactions to predict more accurate 

binding affinities.100  
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Figure 1.2. Brute force vs. AI-augmented molecular docking. (A) Brute force molecular 
docking. The entire chemical database is docked. (B) AI-augmented molecular docking docks a 
small, random subset (1%) of the ultra-large chemical database to train a machine learning model 
to predict the molecular docking scores for the rest of the chemical database. The top machine 
learning virtual hits (1-10%) are prioritized for molecular docking to confirm the molecular 
docking scores. Active learning can be incorporated into the machine learning workflow 
(training augmentation), wherein the model identifies a small subset (1%) of the most 
informative, unlabeled data to label in an iterative manner and improve model performance, 
before selecting the top virtual hits for the final molecular docking round. 
 
Recent advancements in DL and the development of large, commercial chemical databases have 

increased the adoption of these methods that originated in the early 2000s. Surrogate Docking 

introduced a novel VS method that requires docking a representative subset of a chemical 

database to train a quantitative structure–activity relationship (QSAR) model to predict the 

docking scores of the rest of the database.128 Progressive Docking presented a hybrid 

QSAR/docking method that leverages inductive, 3D-sensitive QSAR descriptors to estimate the 

binding potential of compounds in an iterative process and eliminate predicted non-binders – this 

resulted in up to a sixfold reduction in docking simulations while maintaining 80-90% hit 

recovery.129 The combination of molecular docking and conformal predictions was proposed to 

further improve iterative screenings.130,131 Lean-Docking presented a linear support regression 

model trained on molecular fingerprints to predict docking scores with a significant speed 

increase.132 These methods use shallower ML models suitable for smaller scale VS to provide 2 

to 4- fold acceleration in contrast to brute force docking.133 Novel docking accelerators were then 

introduced based on nascent DL architectures to accommodate commercial databases of 

A. Brute Force 

B. AI-Augmented Molecular Docking

Chemical database
(ultra-large)

Chemical database
(ultra-large)

random 
subset (1%)

(1%)

(100%)

Molecular docking Labeled chemical 
database

Molecular docking Machine learning Labeled chemical 
database

(1%)

Training Augmentation

select
subset



10 
 

hundreds of millions to billions of small molecules. Deep Docking (DD) is a deep neural 

network (DNN) trained on a subset of Morgan fingerprints and docking scores from a chemical 

database to predict the scores of the rest of the database in an iterative manner with an active 

learning training loop134 (Figure 1.2) – this model demonstrated up to a 100-fold database 

reduction and 6000-fold enrichment in VS 12 protein targets with the 1.36 billion molecule 

ZINC15 database.135 DD identified novel chemotypes for different targets of clinical relevance: 

Lin28 inhibitors for the suppression of prostate cancer cell stemness136, A2AR antagonists for 

cancer immunotherapy137, SARS-CoV-2 papain-like protease inhibitors61, and others68,138–140. 

Several similar methods were proposed afterwards with graph neural network architectures.141,142 

MolPAL is an active learning model-guided method that uses Bayesian optimization to prioritize 

molecules – a retrospective screen of 100 million compounds with a directed-message passing 

neural network identified most top scoring molecules with considerable cost reductions.143 

Design space pruning is an extension to the model-guided optimization method which iteratively 

prunes and select molecules for docking to narrow the design space at each iteration.144 SPDF is 

a ML-based surrogate docking model that incorporates virtual hit and dataset size thresholds to 

prefilter and enrich chemical libraries prior to docking.145 MEMES is a Bayesian optimization-

driven method designed to accelerate high-throughput VS.146 MO-MEMES is a multi-objective 

extension of MEMES that identifies virtual hits with optimal predicted binding affinity, LogP, 

and synthetic accessibility – most high docking scoring molecules violate other drug 

properties.147 These DL architectures provide the speed acceleration required to address the 

limitations of SBVS in ultra-large scale settings, but no current models address the artifacts 

inherent to molecular docking predictions in their predictions.  

 
1.2.3 Post-Processing Molecular Docking  
 
Molecular docking serves to differentiate putative binders and non-binders.119 The simplified 

modelling of protein-ligand interactions introduces artifacts (99%) in the top predictions.133 

Molecular docking artifacts are false positive molecules that cheat scoring functions, but are 

artificial or unrealistic and would not exhibit binding in experimental assays.148 These artifacts 

are further magnified in the top-ranked dockings as the chemical database size increases.55,56 

Top-ranked docking molecules are further processed with other criteria to select leads for more 
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expensive computational or experimental analysis.149 Post-processing methods include consensus 

docking150 or scoring151, rescoring152, filtering119, and visual inspection120.153,154  

 
Consensus docking or scoring techniques are used to combine results from multiple docking 

programs or scoring functions to improve the accuracy of predicted binding affinities – 

improvement can be achieved in the selection of binding poses or scoring. These methods were 

introduced to negate program- or scoring function-specific problems, but can conflict if the 

selected programs or functions suffer from the same problems (training-set dependencies and 

scoring function parameterization155).156  

 
Rescoring is the re-evaluation of the top-ranked docked molecules with a more expensive 

computational technique. Common rescoring methods include protein-ligand pose refinement 

with molecular dynamics and rescoring with molecular mechanics and/or quantum mechanics.151 

These rescoring methods are time-intensive and expensive, which restrict their use to a few 

thousand molecules after other, initial filtration strategies (pharmacophore, shape similarity, in-

silico ADME prediction, etc.).157 

 
3D medicinal chemistry properties are often considered in the post-processing of molecular 

dockings.158 Pharmacophore, strain, and hydrogen bond filtering computational tools have been 

developed to automate this process at large scale. Pharmacophore filtering isolates molecules 

that share the same features, 3D location, and spatial orientation as the native ligand(s) in 

complex. These features include hydrogen-bond donors, hydrogen-bond acceptors, charged 

functional groups, hydrophobic regions, aromatics, etc.159 Pharmacophore modelling programs 

include Catalyst160, MOE161, Phase162, and LigandScout163, etc.164 Moreover, strain is an 

important and well-studied component in protein-ligand binding165–167 that is considered in the 

post-processing of molecular dockings. Numerous computational strain calculation tools are 

available: statistics-based168–171, physics-based172–174 or hybrid175–177 (physics- and ML-based). 

Statistics-based tools use experimental torsion angle distributions found in structural databases to 

calculate strain energies in a high-throughput manner; these statistics-based methods provide the 

speeds required to handle large-scale VS. The relaxation of biomolecule steric strains has shown 

both substantial improvement in molecular docking scores and change composition (>50%) in 

the top 1% molecules.178 Hydrogen bonding is another important component in protein-ligand 
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binding that is considered in the post-processing of molecular dockings. Computational protein-

ligand interaction tools have been developed to accelerate the inspection of modelled protein-

ligand binding. These tools can be used to characterize present protein-ligand interactions 

(hydrogen bonding, ionic interactions, π- π stacking and π-cation interactions, hydrophobic 

contacts, etc.) and select molecules that exhibit specific interactions of interest. Available tools 

include PLIP179,180, LigGrep181, Rosetta125, and IChem182. The presence of specific protein-ligand 

hydrogen bonds has been crucial in the discovery of novel inhibitors.63,183 Good practices 

recommend tools to remove virtual hit compounds with strained torsions and unsatisfied 

hydrogen bond donors and acceptors184 – these practices have been incorporated separately and 

cooperatively in numerous VS. 

 
The standard protocol to remove artifact contamination is the visual inspection of top-ranked 

dockings performed by expert medicinal chemists – a practice that is highly subjective and 

limited in its application to large chemical libraries.153 The top criterion considered in the 

assessment of modelled protein-ligand binding by experts in academia and the pharmaceutical 

industry includes analogy to crystal structure, specific protein-ligand interactions, ligand strain, 

unsatisfied polar ligand or protein heteroatoms, etc.120 Computational tools are recommended to 

narrow down or prioritize molecules for subsequent visual inspection.153 Visual inspection is 

commonly conducted as the final step in candidate prioritization before experimental testing120, 

with few thousand compounds inspected.119,185 Recent efforts to expand visual inspection have 

been made with ML-automation. Autoparty is a ML-guided tool developed for the visual 

inspection of molecular dockings.186 The active-learning model identifies the most useful 

molecules for the user to grade, then the trained model grades the rest of the docked database – 

this expands the docked database that can be inspected to remove artifacts and recover lower-

ranked molecules. Visual inspection post-docking is integral in the selection of hit candidate 

molecules for experimentation.  

 

1.3 Multi-Objective Optimization  

 
Drug discovery is a multi-objective optimization (MOO) problem – potential disease modulators 

must satisfy multiple pharmaceutical objectives (pharmacodynamic, pharmacokinetic, clinical, 
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etc.).187 MOO techniques have been reported in QSAR modelling, molecular docking188, de novo 

drug design, and chemical database design.189  

 
1.3.1 Multi-Objective AI-Augmented Molecular Docking Models   
 
Several MOO AI-augmented molecular docking models with active learning have been 

developed. The multi-objective extension of MolPAL143 is designed to accommodate custom 

objectives and facilitate the optimization of user-selected properties related to drug design. This 

architecture demonstrated acceleration of docking-based multi-objective VS in retrospective 

studies: three two-objective studies that identified selective compounds based on docking scores 

to on- and off-targets and one three-objective study that identified dual inhibitor compounds 

based on docking scores, with additional selectivity over another target. MO-MEMES147 is the 

multi-objective Bayesian optimization extension to Enhanced MolEcular Screening 

(MEMES146). The MO-MEMES architecture uses a Pareto optimization to select molecules that 

balance binding affinity, octanol partition coefficient (LogP), and synthetic accessibility 

predictions. Molecular docking is not a standalone method – most high docking scoring 

compounds violate drug properties’ constraints (quantitative estimate of drug likeness (QED) 

and LogP).147 This multi-objective architecture identified over 90% of the top compounds with 

respect to all the required properties considered. 

 
1.3.2 Multi-Task Learning  
 
Single-task learning (STL) is a ML method to train a model to predict the relationship between 

an instance and particular task (Figure 1.3) – this requires training independent models for each 

task in a repetitive, parallel process.190 Multi-task learning (MTL) is a form of MOO191 in which 

a single model is trained to learn multiple tasks simultaneously192 (Figure 1.3) – shared 

representation across multiple, related tasks can improve model sample efficiency, learning 

speed, generalization, and performance.192–194 The obstacle in implementation is negative 

transfer; destructive interference is the result of increased model performance on one task and 

decreased performance on other task(s) with different needs.195 These gradient conflicts can be 

addressed with gradient modification196,197, dynamic weighting198–200, and other methods. There 

are two common parameter sharing mechanisms to implement MTL: hard parameter sharing 

(weight sharing to optimize multiple loss functions) and soft parameter sharing (weight 



14 
 

regularization to optimize a joint objective function).192,201 The shared layers learn a common 

representation across related tasks. The task-specific layers learn task-dependent information. 

 

 
Figure 1.3. Single-task learning (STL) and multi-task learning (MTL) architectures. (A) 
STL trains separate models per task: 4 separate models and tasks (y) depicted. (B) MTL (hard-
parameter sharing shown) trains a single model to predict multiple related tasks: 1 multi-
objective model and 4 tasks (y) depicted.  
 
MTL has been leveraged to improve molecular properties202–206, bioactivities207–214, ADMET215–

219 predictions, and combinations thereof. No current model aims to improve AI-accelerated 

molecular docking predictions through the incorporation of select 3D medicinal chemistry 

properties used in the classification of drug candidates or explores MTL to this end.  

 
1.4 Research Objective  
 
As discussed earlier in this chapter, the interest in exploring ultra-large commercial, chemical 

databases lies in the identification of novel drug candidates. The exploration of these spaces has 

been made feasible with the introduction of AI.7 AI-accelerated molecular docking models 

trained on a small subset of docked protein-ligand complexes can predict binding affinities for 

millions or billions of molecules145 – but these models do not account for the artifacts inherent to 

molecular docking that are further amplified at large scale.148 Artifacts are introduced in the 

modelling of most (99%) molecules in the top docking-ranked predictions.133 The standard 

protocol to remove artifact contamination is the visual inspection of top-ranked dockings.120 This 

practice is constrained to the top few thousand molecules119 – but the number of molecules with 

good docking scores increases with chemical database size.55 Molecules further down in the 

docking-ranking can be promising candidates which are not explored due to the time-intensive 

nature of visual inspection.186 The top criteria considered in the visual inspection of molecular 

dockings includes strain and unsatisfied heteroatoms.120 These 3D medicinal chemistry 
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properties can be used to filter out molecular docking artifacts.119,158,184 Several computational 

tools have been developed to automate the assessment of strain168–173,175–177 and unsatisfied 

heteroatoms179–182 in the protein binding site. There is no MOO model to date that integrates 

multiple, 3D medicinal chemistry properties not accounted or simplified in molecular docking 

programs into the prediction of AI-accelerated molecular docking. 

 
The research herein aims to improve the prediction of AI-accelerated molecular docking through 

the development of a new MOO DL-model that incorporates the prediction of multiple, 3D 

medicinal chemistry properties used in the classification of drug candidates.   

 
This thesis pursues the following objectives:  

- Evaluate and test multiple, 3D medicinal chemistry filters used in the selection of virtual 

hit candidates in simulated VS campaigns.  

- Develop and test improved MOO DL-accelerated molecular docking models in simulated 

VS campaigns.  

 
These objectives intend to deliver an open-source, medicinal chemistry-informed DL-accelerated 

molecular docking model for high-performance VS of ultra-large chemical databases that can 

impact the development of next-generation drug discovery tools and therapeutics. 
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Chapter 2: Retrospective Virtual Screening: Benchmarking Enrichment with 
Three-Dimensional Medicinal Chemistry Filters Post-Molecular Docking  
 
As discussed earlier in the previous chapter, there is an interest in improving AI-accelerated 

docking with the incorporation of select 3D medicinal chemistry properties that are simplified or 

omitted in conventional docking and contribute to common docking artifacts. Computational 

tools have been developed to characterize these 3D medicinal chemistry properties (geometry, 

features, interactions, etc.) in protein-ligand binding.1–13 These tools can assist in the post-

processing of molecular dockings to help prioritize candidates for experimental testing. The most 

common criteria considered in the visual inspection of molecular dockings includes strain and 

unsatisfied heteroatoms;14 virtual hits with highly strained conformations and multiple 

unsatisfied hydrogen bonds are filtered out.15 These filters have been incorporated separately16–20 

or in tandem15,21–25 in VS to improve hit enrichment. Filter thresholds found in the literature for 

strain and unsatisfied hydrogen bond donors and acceptors are often inconsistent between 

reports. Gu et al.’s statistics-based strain filter2 is a method that is well suited for large-scale VS. 

Their method benchmark of 40 DUD-E datasets at different strain thresholds in torsional energy 

units (TEU) shows the highest average enrichment at 4 TEU and most proteins showing 

improvement at 7.0 and 7.5 TEUs. The positive average enrichment across all explored 

thresholds (4-8 TEUs) suggests that strain filtering improves virtual hit lists. The most reported 

strain threshold in VS campaigns is 8 TEU18,19,22 – this selection is not the most supported 

threshold in the method benchmark, but is the least stringent threshold explored and therefore 

retains the most hits. Moreover, other strain thresholds are reported20 that serve no consensus in 

threshold selection. Similar inconsistencies are found in the thresholds selected to filter virtual 

hits based on the number of unsatisfied hydrogen bonds. Numerous thresholds are recommended 

or reported for unsatisfied hydrogen bond donors (0-2) and acceptors (1-4, 6).15–17,21–23,26  Some 

of these thresholds may be selected based on specific binding site knowledge where available. 

There are no current, public benchmarks to support the selection of filter thresholds for 

unsatisfied hydrogen bonds. Therefore, this chapter aims to benchmark strain and unsatisfied 

hydrogen bond donor and acceptor filter thresholds with retrospective VS datasets to assess 

whether their application improves enrichment compared with molecular docking scores alone 

and observe whether there is a general threshold consensus for prospective studies.  
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2.1 Methods  
 
2.1.1 Binding Databases 
 
To test multiple 3D medicinal chemistry filters used in the selection of virtual hit candidates, we 

considered datasets of available protein-ligand bioactivities for retrospective VS. GPCRs are the 

largest protein family targeted in drug development, representing an active area of interest.27 

GPCR-Bench28 is a retrospective validation database developed to evaluate molecular docking 

protocols. The GPCR-Bench database contains twenty-four GPCR protein-ligand complexes, 

ChEMBL19 actives, and DUD-E generated decoys – developed with the objective to simulate a 

diverse, retrospective VS campaign. Developers collected protein-ligand complex X-ray crystal 

structures from the PBD and selected the highest-resolution and/or most complete representative 

structure for each protein. Experimental active compounds were searched for in the ChEMBL19 

database and further filtered based on annotated Ki, Kd, IC50, or EC50 values and drug-likeness 

(molecular weight, hydrogen bonds, rotatable bonds, ring, reactive non-metals, etc.). An average 

of sixty computational decoys per experimental active were generated with the DUD-E tool. The 

GPCR-Bench database was downloaded and used as available. LIT-PCBA29 is another 

retrospective validation database developed to evaluate VS protocols. This database contains 

fifteen protein-ligand complexes representative of protein families of pharmaceutical interest, 

7844 confirmed actives, and 407,381 confirmed inactive compounds – designed to mimic typical 

HTS hit rates and potency distribution. Active and inactive compounds were collected from 149 

PubChem dose-response bioassays and further processed to remove false positives, frequent 

hitters, assay artifacts, etc. The LIT-PCBA database was downloaded and used as available. 

 
2.1.2 Molecular Docking  
 
2.1.2.1 Molecular Docking Programs 
 
AutoDock-GPU and GNINA 1.0 are among common molecular docking programs used.30–32 

GNINA was pronounced the winning submission of the 2024 CACHE challenge.33 These 

programs were selected for their relative speed and ease of use.  
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2.1.2.1.1 AutoDock 
 
AutoDock-GPU (AutoDock) is an OpenCL implementation of the AutoDock434 engine 

developed to accelerate the search for optimal protein-ligand binding in large scale VS.35 

AutoDock uses the Lamarckian Genetic Algorithm (LGA) and semi-empirical free energy 

scoring function. The LGA generates random ligand conformations which are further evolved 

through iterative, genetic operations to search the conformational space.36 Then, the semi-

empirical scoring function estimates the binding free energy of the generated simulation 

conformations – including implicit dispersion/repulsion, hydrogen bonding, electrostatic, and 

desolvation contributions.37 Protein-ligand complexes with known structure and inhibition 

constants (Ki) were used to parameterize the force field.38 The force field assesses binding in two 

steps: the intramolecular energetics involved in the transition of the unbound ligand state to its 

respective protein bound conformation, and the intermolecular energetics of their interaction in 

complex.39 Protein-ligand simulations output the predicted binding mode and affinity 

(kcal/mol).34 

 
The parameters for AutoDock were set to 100 independent docking runs per ligand using the 

LGA local search method. Heuristic optimization was enabled to accelerate convergence with 

the adaptive tuning of LGA parameters (population size, mutation rate, local search frequency, 

etc.) based on system size and GPU architecture. Docking grids were precomputed based on the 

native protein-ligand complex. The binding mode with the lowest docking score was selected to 

be the best predictive binding mode for each ligand docking. AutoDock molecular dockings 

output in PDBQT format were converted to PDB, then SDF format with Open Babel40.  

 
2.1.2.1.2 GNINA   
 
GNINA 1.041 (GNINA) is a DL-enhanced fork of smina42, further derived from AutoDock 

Vina43, with an integrated convolutional neural network (CNN) to support geometry optimization 

and scoring. GNINA uses Monte Carlo sampling to search the conformational space, empirical 

scoring to assess the generated conformations, and CNN refinement to rescore the binding 

modes. The Monte Carlo chain selects a random translation, rotation, or torsional operation to 

mutate the ligand’s geometry. Then, an approximate energy minimization optimizes the binding 

conformations and an empirical scoring function scores the conformations. Minimized 
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conformations are accepted or rejected based on the Metropolis criteria; this prioritizes lower 

energy conformations but enables some uphill movement to escape local minima. The global top 

binding conformations from all Monte Carlo chains are further refined. After refinement, the 

CNN rescores each final binding mode and ranks the binding modes with the CNNscore 

(probabilistic binding mode confidence score) and the CNNaffinity score predicts the pK value. 

In the retrospective screenings herein, the CNN_VS score (CNNaffinity \times CNNscore) was 

used.  

 
2.1.2.2 Protein Preparation  
 
The protein structures were prepared in Molecular Operating Environment (MOE44). Proteins 

were visualized to remove solvent, water, ions, and bound ligand, where present. The Structure 

Preparation module was used to correct structural issues and Protonate3D was used to add 

hydrogen atoms. The prepared protein structures were saved in PDB format. Proteins prepared 

for AutoDock were converted from PDB to PDBQT format with AutoDockTools.  

 
2.1.2.3 Binding Site  
 
GPCR-Bench and LIT-PCBA datasets include the native protein-ligand structures. The binding 

site was set and centred on the native ligand bound to each respective protein and grid maps 

(0.375 Å spacing39) were generated with AutoDockTools. The same grid generated for 

AutoDock was used in GNINA docking; grid spacing was converted to angstroms with a 

conversion factor of 0.375 Å.  

 
2.1.2.4 Ligand Preparation  
 
OpenEye’s Flipper module45 was used to enumerate stereocentres with unspecified 

stereochemistry (maxcentres were set to 3) and QUACPAC module46 to calculate one dominant 

tautomeric and protonation form of each isomer at physiological pH (7.4).47  

 
2.1.3 Strain Calculations 
 
The selected strain tool2 is a statistical-based method that calculates strain through the matching 

of torsion patterns in a molecule to patterns in a torsion database. Developers used the 

Cambridge Structure Database to convert (Boltzmann) observed torsion angle distributions into 
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artificial torsion energy units (TEUs) in the construction of the torsion database. This tool was 

selected for its speed in support of ultra-large scale VS – takes less than 0.04 seconds to assess a 

conformation on a standard core.2  

 
The strain filter tool was downloaded from http://tldr.docking.org. AutoDock and GNINA 

molecular dockings in SDF format were converted to the required input file format (mol2) using 

OpenEye Scientific OEChem Toolkit and run through the strain tool. The total strain energy of 

the molecule was used. Total strain energy is the sum of all individual torsion energies in the 

molecule.  

 
2.1.4 Hydrogen Bonds Detection  
 
IChem48 is a free suite of software designed to analyze protein-ligand interactions. Three-

dimensional molecular information is converted into fingerprints or graphs to enable high-

throughput analysis and feed ML models in the prediction of important molecular features and 

interactions.  

 
IChem was downloaded from http://bioinfo-pharma.u-strasbg.fr/labwebsite/download.html. The 

developers were contacted to get an in-house script that parses IChem output to count the 

number of ligand polar atoms that do not interact with the protein binding site.15 AutoDock and 

GNINA molecular dockings in SDF format were converted to the required input file format 

(mol2) using OpenEye Scientific OEChem Toolkit. LIT-PCBA proteins were provided in the 

required mol2 format and prepared in MOE; GPCR-Bench proteins in PDB format were 

prepared and converted to mol2 format in MOE. IChem was run both with and without the 

intramolecular hydrogen bond parameter.  

 
2.1.5 Virtual Screening Metrics  
 
We considered widely adopted VS metrics such as the area under (AUC) the receiver operating 

characteristic (ROC) curve or variations thereof and enrichment factor.26,49,50 All these metrics 

consider VS as a classification task between active versus inactive molecules.   

 
ROC is a plot of the true positive rate (TPR) versus the false positive rate (FPR) at all 

classification thresholds (Figure 2.1, A). The ROC AUC is a binary classification performance 

http://tldr.docking.org/
http://bioinfo-pharma.u-strasbg.fr/labwebsite/download.html
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metric that measures a model’s ability to differentiate between classes. An AUC of 1 represents a 

perfect classification model: the model will predict a higher rank for a random positive example 

than negative example, and an AUC of 0.5 represents a random classification: the model does 

not predict better than random selection. The early recognition of active molecules is critical in 

prospective VS because only the top-ranked molecules are selected for experimental testing49 –  

ROC AUC fails to differentiate between methods with the same AUC. Therefore, several ROC 

AUC variations have been proposed to address the early recognition of active molecules.  

 
We evaluated VS with the log-weighted area under the ROC curve (LogAUC), Figure 2.1, B. 

The x-axis (FPR) is plotted on a logarithmic scale to emphasize early enrichment; preferential 

weight is given to the early behaviour of the function.51 The standard x-axis offset parameter (a) 

is 1.0 x 10-3, which sets the LogAUC of a random classifier to 0.145.52 LogAUC herein is scaled 

for better readability; the reference LogAUC (random classifier) becomes 1.45.  

 

 
Figure 2.1. Receiver operating characteristic (ROC) and log-weighted area under the ROC 
(LogAUC) curves. (A) ROC curve. The diagonal (dashed, black) represents a random 
classifier.  Curves above the diagonal perform better than a random classifier and curves below 
the diagonal perform worse than a random classifier. A (blue) performs better than B (orange). 
(B) LogAUC curve. The x-axis plotted on a logarithmic scale (log10) emphasizes early 
enrichment (shaded region. A (blue) shows better early enrichment with greater AUC (shaded 
blue region) than B (shaded orange region).  
 
 
 
 
 

A B



43 
 

2.2 Results and Discussion  
 
All datasets in the retrospective databases were docked with AutoDock and GNINA. Docked 

molecules were run through the strain and IChem programs to calculate strain and the number of 

unsatisfied hydrogen bond donors and acceptors, respectively. Threshold-based filtering was 

used. AutoDock and GNINA dockings were ranked with their respective docking scores 

(ADSCOR and CNN_VS) and then separately filtered at various strain and unsatisfied hydrogen 

bond thresholds to assess enrichment with LogAUC.  

 
The IChem program used to count the number of unsatisfied hydrogen bond donors and 

acceptors was run both with and without the intramolecular hydrogen bond parameter. When 

selected, this parameter accounts for intramolecular hydrogen bonding in the count of unsatisfied 

hydrogen bonds. These polar heteroatoms that participate in intramolecular hydrogen bonding 

are considered satisfied. There was no difference observed in enrichment when filtering 

molecules with or without the intramolecular hydrogen bond parameter considered in the count 

of unsatisfied hydrogen bonds. Moreover, intramolecular hydrogen bonds in protein-ligand 

binding do not guarantee improved binding activity.53 Inclusion of this parameter may also 

further complicate the prediction of unsatisfied hydrogen bonds in the machine learning portion 

(chapter 3) of this research – increases the complexity of the task. Therefore, the simulated VS 

campaigns herein did not consider intramolecular hydrogen bonds in the count of unsatisfied 

hydrogen bonds.  

 
Some examples of molecular docking artifacts that were filtered out are illustrated (Figure 2.2). 

These examples come from the simulated VS campaigns; shown are molecules ranked within the 

top 35 virtual hits against their respective targets. Figure 2.2, A shows the top predicted molecule 

in the MAPK1 (LIT-PCBA dataset) simulated VS campaign with AutoDock; this is an example 

of a molecule with a strained dihedral that exploited the simplifications in common molecular 

docking scoring functions. Figure 2.2, B shows the top predicted molecule in the KAT2A (LIT-

PCBA dataset) simulated VS campaign with GNINA; this is an example of a molecule with 

numerous unsatisfied molecule heteroatoms in the protein binding site: 3 unsatisfied donors and 

5 unsatisfied acceptors.  
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Figure 2.2. Select molecular docking artifact examples. (A) Molecule 26751022_5 docked to 
MAPK1 (LIT-PCBA dataset) with AutoDock. The modelled dihedral (yellow highlight) is 
highly strained (3.69 TEU), as calculated with the strain program. (B) Molecule 24271103_1 
docked to KAT2A (LIT-PCBA dataset) with GNINA. Ligand unsatisfied hydrogen bond donors 
(red highlight) and unsatisfied hydrogen bond acceptors (blue highlight) are shown, as identified 
with the IChem program. The protein binding site was omitted in both images for clear 
visualization. Note that only polar hydrogens are visualized.  
 
The methods discussed above were implemented to test the impact of strain, unsatisfied 

hydrogen bond donors, and unsatisfied hydrogen bond acceptors as filters in simulated VS 

campaigns and assess their impact on early enrichment. Figure 2.3, A-F shows the plots of delta 

LogAUC versus the selected medicinal chemistry filters at different thresholds, where the 

baseline reference is ranking with docking score alone.  
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Figure 2.3 Enrichment in simulated virtual screening campaigns with selected retrospective 
databases. Upper panel (A-B): strain filtering. Middle panel (C-D): unsatisfied hydrogen bond 
donors filtering. Lower panel (E-F): unsatisfied hydrogen bond acceptors filtering. Left panel (A, 
C, E): LIT-PCBA datasets. Right panel (B, D, F): GPCR-Bench datasets. GPCR-Bench and LIT-
PCBA databases were docked with AutoDock (blue) and GNINA (pink). ΔLogAUC is 
difference in LogAUC between the baseline (molecular docking scores) and filtered dataset. 
Each datapoint on the plots represents the ΔLogAUC for a particular protein-ligand dataset. The 
mean ΔLogAUC (horizontal grey lines), standard deviations (vertical grey lines), and 
interquartile range (grey boxes) are shown. 
 
Figure 2.3, A-F shows that no single threshold led to a noticeable enrichment of all protein-

ligand datasets in the two examined databases. This observation suggests that the selected filters 

are not applicable in general and need to be retrospectively assessed on a specific protein of 

interest before prospective VS, at least for the tested molecular docking programs shown. Other 

independent studies which evaluated different strain methods on the same LIT-PCBA database 

have suggested the same system-dependence.7 
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Moreover, we also conducted an exhaustive search of filter threshold combinations, Figure 2.4. 

This showed the same target-dependence: no specific filter combination led to a generalized 

enrichment across all protein-ligand datasets. 
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Figure 2.4. An exhaustive search of all filter threshold combinations with selective 
retrospective databases. (A) LIT-PCBA database docked with AutoDock. (B) LIT-PCBA 
database docked with GNINA. (C) GPCR-Bench database docked with AutoDock. (D) GPCR-
Bench database docked with GNINA. Each row of plots represents a strain threshold. The x-axis 
is the unsatisfied hydrogen bond donors threshold and the y-axis is unsatisfied hydrogen bond 
acceptors threshold on each plot. The heatmap indicates the mean ΔLogAUC of a database (A-
D) at a specific threshold combination. The count inside each cell indicates the number of 
proteins in each database that had a positive ΔLogAUC at that threshold combination. Total 
count proteins in database: LIT-PCBA (15) and GPCR-Bench (24).  

A B C D
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Several proteins in the explored databases clearly benefitted from post-processing molecular 

docking with the selected filters, Figure 2.5, A-D. Most protein-ligand datasets at their best filter 

combination showed an improvement in enrichment with the selected filters.  

 

 
Figure 2.5. Best filter threshold combination for each protein-ligand dataset in selected 
retrospective databases. (A) LIT-PCBA database docked with AutoDock. (B) LIT-PCBA 
database docked with GNINA. (C) GPCR-Bench database docked with AutoDock. (D) GPCR-
Bench database docked with GNINA. The x-axis is the unsatisfied hydrogen bond donors 
threshold; y-axis is unsatisfied hydrogen bond acceptors threshold; z-axis is the strain threshold. 
The heatmap indicates the ΔLogAUC for a protein-ligand dataset at specific threshold 
combination. 
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2.3 Conclusions 
 
The results presented in this chapter strongly suggest that retrospective VS studies, where data is 

available, is a crucial step before a prospective campaign. While strain and unsatisfied hydrogen 

bond filters are broadly used in VS campaigns, we showed their effect on enrichment to be 

highly system-dependent. Therefore, the choice of these parameters should be carefully 

calibrated prior to prospective studies. There was no single threshold that led to an enrichment of 

all protein-ligand datasets explored, but several proteins showed significant enrichment when 

using strain, unsatisfied hydrogen bonds, or both as filters at specific thresholds. Thus, these 

filters can be effective post-processing tools in VS when retrospectively confirmed to benefit the 

selection of candidates for the protein target of interest.  
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2.5 Appendix  
 
Supplementary figure series 2.5.1. Retrospective virtual screening results: benchmarking 
enrichment with strain filtering on the LIT-PCBA database docked with AutoDock.  
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Supplementary figure series 2.5.2. Retrospective virtual screening results: benchmarking 
enrichment with unsatisfied hydrogen bond donors filtering on the LIT-PCBA database docked 
with AutoDock.  
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Supplementary figure series 2.5.3. Retrospective virtual screening results: benchmarking 
enrichment with unsatisfied hydrogen bond acceptors filtering on the LIT-PCBA database 
docked with AutoDock.  
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Supplementary figure series 2.5.4. Retrospective virtual screening results: benchmarking 
enrichment with strain filtering on the LIT-PCBA database docked with GNINA.  
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Supplementary figure series 2.5.5. Retrospective virtual screening results: benchmarking 
enrichment with unsatisfied hydrogen bond donors filtering on the LIT-PCBA database docked 
with GNINA.  
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Supplementary figure series 2.5.6. Retrospective virtual screening results: benchmarking 
enrichment with unsatisfied hydrogen bond acceptors filtering on the LIT-PCBA database 
docked with GNINA.  
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Supplementary figure series 2.5.7. Retrospective virtual screening results: benchmarking 
enrichment with strain filtering on the GPCR-Bench database docked with AutoDock.  
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Supplementary figure series 2.5.8. Retrospective virtual screening results: benchmarking 
enrichment with unsatisfied hydrogen bond donors filtering on the GPCR-Bench database 
docked with AutoDock.  

 

 

 

 

 
 
 



71 
 

 

 

 

 
 
 



72 
 

 

 

 

 
 
 

 
 



73 
 

Supplementary figure series 2.5.9. Retrospective virtual screening results: benchmarking 
enrichment with unsatisfied hydrogen bond acceptors filtering on the GPCR-Bench database 
docked with AutoDock.  
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Supplementary figure series 2.5.10. Retrospective virtual screening results: benchmarking 
enrichment with strain filtering on the GPCR-Bench database docked with GNINA.  
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Supplementary figure series 2.5.11. Retrospective virtual screening results: benchmarking 
enrichment with unsatisfied hydrogen bond donors filtering on the GPCR-Bench database 
docked with GNINA.  
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Supplementary figure series 2.5.12. Retrospective virtual screening results: benchmarking 
enrichment with unsatisfied hydrogen bond acceptors filtering on the GPCR-Bench database 
docked with GNINA.  
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Chapter 3: Simulated ML-Accelerated Virtual Screening Campaigns 

As discussed in the previous chapter, it is important to conduct retrospective VS before 

prospective VS; this is critical to the selection of medicinal chemistry filters (strain and 

unsatisfied hydrogen bonds) used in the post-processing of molecular dockings – these filters 

showed system-dependent performance in the enrichment of docking-ranked compound lists. 

Moreover, some proteins showed significant improvement in enrichment with both strain and 

unsatisfied hydrogen bond filters considered at certain thresholds. Herein, the interest is to test 

these medicinal chemistry filters for their potential to improve enrichment in large-scale ML-

accelerated VS. MOO could be used to handle multiple molecule design criteria in parallel, in 

the search for molecules with optimal molecular docking scores, strains, and unsatisfied 

hydrogen bonds. Scalarization is a common MOO method which aggregates multiple objectives 

into a single objective function – this requires assigning the relative importance of each 

objective. Several MOO AI-augmented molecular docking models were discussed in Section 1.3. 

MTL presents an attractive method to predict multiple tasks in a joint objective; the shared 

architecture increases computational efficiency and has the potential to improve predictions 

through shared information. Common MTL implementations aggregate separate objectives with 

different loss functions into a single scalar objective through weighted sum or adaptive methods. 

The consideration of multiple objectives in the shared learning representation can lead to either 

an increase in inductive knowledge transfer or destructive interference, where optimization 

requires the balance of multiple objectives with potentially conflicting demands. No current 

model aims to improve AI-accelerated molecular docking predictions through the incorporation 

of multiple medicinal chemistry properties used in the classification of drug candidates or 

explores MTL to this end. This chapter tests selected proteins from our benchmark (Section 2.2) 

in simulated large-scale VS to assess whether considering strain and unsatisfied hydrogen bonds 

together with docking scores within a MTL framework improves enrichment and model 

performance.  

 

 

 



86 
 

3.1 Methods  
 
3.1.1 Data  
  
3.1.1.1 Morgan Fingerprints  
 
Molecular fingerprints are bit string or vector representations that indicate the presence or 

absence of specific molecular substructures.1 The most common molecular fingerprints are 

Morgan fingerprints2 (or extended-connectivity fingerprints3, ECFPs).4 Morgan fingerprints are 

generated through a circular fingerprint algorithm that centres on each non-hydrogen atom or 

fragment; predefined parameters (bit length, radius etc.) are then used to map circular atom 

neighbourhoods at the specified radius in an iterative manner.5 The selected parameters used 

were 1024 bit length, radius 2, and chiral information incorporated.6 Morgan fingerprints are fast 

to compute and include the relevant local, chemical information (functional groups, sterics, bond 

connectivity, chirality, etc.) – these have shown success in ML-based VS.7  

 
3.1.1.2 Molecular Docking Scores 
 
Molecular Docking programs AutoDock (Section 2.1.2.1.1) and GNINA (Section 2.1.2.1.2) were 

used as outlined in chapter 2 Section 2.1.2. The training, validation, and testing (TVT) data was 

preprocessed to remove Not a Number (NaN) values.  

 
3.1.1.3 Strain  
 
The strain filter was used as outlined in chapter 2 Section 2.1.3. TVT data was preprocessed to 

remove NaN and negative values.  

 
3.1.1.4 Hydrogen Bonds 
  
The IChem program was used as outlined in chapter 2 Section 2.1.4 to count molecular 

unsatisfied hydrogen bond donors and acceptors.  

 
3.1.1.5 Protein-Ligand Datasets 
 

Selected (4) LIT-PCBA datasets were explored in simulated large-scale VS based on their 

benchmark performance (Section 2.2). Proteins were selected based on their high enrichment, 
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reasonable number of actives, and diverse protein families (Table. 3.1). Both AutoDock and 

GNINA were considered.   

 
Table 3.1 Simulated virtual screening campaigns (benchmark): selected protein datasets. 

Docking 
Program 

Protein Threshold 
(strain; 
u-hbda;  
u-hbab) 

Activesc 

 
(docked)  

Actives 

 
(filtered) 

LogAUCd 

 
(docked) 

LogAUCd 
 

(filtered) 

𝚫LogAUC 

AD MTORC1 4;2;2 99 26 1.26 2.31 1.05 

AD MAPK1 4;0;3 287 17 1.71 2.60 0.89 

GNINA TP53 4;1;1 51 4 1.34 3.24 1.89 

GNINA VDR 3;2;0 606 4 1.41 2.49 1.06 
aunsatisfied hydrogen bond donors. bunsatisfied hydrogen bond acceptors. cActives include stereo-
enumerated (considered active). dLogAUC values are scaled (x10); logAUC random classifier is 1.45.  
 
MTORC1, TP53, and VDR (Table 3.1) showed to be poor molecular docking systems in 

benchmark: their LogAUC values were below that of a random classifier (1.45). Additional 

strain and unsatisfied hydrogen bond filtering increased LogAUC values – this incentivizes that 

systems with poor molecular docking performance can be recovered with strain and unsatisfied 

hydrogen bond filtering.  

 
3.1.1.6 Chemical Database  
 
The selected LIT-PCBA protein datasets were each combined with the Enamine8 REAL diversity 

set containing 80 million compounds. Uniform Manifold Approximation and Projection9 

(UMAP) is a non-linear dimensionality reduction technique that projects high-dimensional data 

into low-dimensional space (2D). The chemical space was mapped with the UMAP algorithm to 

check that actives, inactives, and Enamine REAL diversity set compounds share the same 

chemical space (Figure 3.1). UMAP was fit on a random 1 million compound sample of the 

Enamine dataset using the Jaccard distance metric, 25 nearest neighbours, and a minimum 

distance of 0.001. The fitted model was used to transform protein active and inactive datasets 

into the learnt embedding space. Herein, all Enamine REAL diversity set compounds are 

considered inactive in the simulated large-scale VS.  
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Figure 3.1. UMAP chemical space visualization. (A) MTORC1 and enamine datasets. (B) 
MAPK1 and enamine datasets. (C) TP53 and enamine datasets. (D) VDR and enamine datasets. 
Enamine (RDS) is represented by a random sample of 1 million compounds. All protein dataset 
actives and inactives are plotted.  

 
3.1.1.7 Data Splitting  
 
Each large protein dataset was randomly sampled (999k molecules) and split into training 

(333k), validation (333k), and testing (333k) splits.6  

 
3.1.2 Model Architecture   
 
3.1.2.1 Multi-Layer Perceptron  
 
The perceptron is a simple, supervised learning algorithm and single-layer artificial neuron 

designed for binary classification, Figure 3.2.  

A B

C D
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Figure 3.2. Perceptron. The input features (x) are multiplied by their weights (w) and summed 
with the neuron’s bias (b). The pre-activation, linear combination is computed at the neuron and 
passed through a non-linear activation function (f) to receive the activation output (a) of the 
perceptron.   

 
(Equation 3.1) 

z	=	w	∙	x	+	b	
 
where, z is the pre-activation, linear combination computed at the neuron, w is the weight vector, 

x is the input feature vector, and b is the bias.  

 
(Equation 3.2) 

a	=	f	(z)	
 
where, a is the activation output, f is the non-linear activation function, and z is the pre-activation 

output in Equation 3.1.  

 
Multi-Layer Perceptron (MLP) is a supervised learning algorithm, referred to as a feed-forward 

artificial neural network, Figure 3.3.  
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Figure 3.3. Multi-layer perceptron. Forward propagation: input features are passed through the 
fully connected hidden layers, where each neuron computes a weighted sum that is then followed 
with non-linear activation. The final layer outputs the prediction, which is used to compute the 
loss with a loss function. Back propagation: gradients of the loss with respect to each parameter 
(weight and bias) are computed and the optimizer (gradient descent algorithm) updates the 
parameters to minimize loss in an iterative training process.  
 
The MLP architecture includes an input layer, hidden layer(s), and output layer, with trainable 

weights and biases at each node that are adjusted during learning to model complex, non-linear 

relationships. The input layer holds the feature vector. The hidden layer(s) consists of neuron(s) 

located between the input and output layer; these layer(s) are considered hidden because their 

activations are not observed and represent intermediate feature transformations. Neurons in the 

hidden layer(s) calculate the weighted sum of inputs in the previous layer multiplied by their 

weight and run the weighted sum to an activation function, Equation 3.1 The activation function 

is a mathematical function applied to the output of a neuron, Equation 3.2; it transforms the 

weighted sum (weighted input and bias) into an activation value that is passed onto the next layer 

– this enables the network to learn complex, non-linear relationships. The output layer is the final 

layer in a neural network that contains the prediction. All MLP architectures were implemented 

in PyTorch.  
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3.1.2.2 Model Training and Hyperparameter Optimization   
 
All the MLP architectures herein contain 1024-bit Morgan fingerprint input feature vectors, 

multiple hidden layers (4 in STL and 3 in MTL models), and task-specific output layers. Batch 

normalization, Rectified Linear Unit activation, and dropout regularization was applied at each 

hidden layer. Model training was performed with mini-batch gradient descent. The Adam10 

optimizer was used to update model parameters. Early stopping was applied to prevent 

overfitting in training, with patience 5. Optuna11 was used for automatic hyperparameter 

optimization (30 trials, 3 parallel jobs, and trial pruning with patience 5). Optuna 

hyperparameters include hidden shape (512-1536), learning rate (1e-4-5e-5), dropout rate (0.1-

0.6), batch size (256, 512, 1024); epochs were fixed at 50. Models were optimized on validation 

loss, used both in training and Optuna hyperparameter optimization.  

 
3.1.2.2.1 Multi-Layer Perceptron – Single-Task Learning Model  
 
Regression models were used in the prediction of molecular docking scores and strain. Multi-

class classification models (5 classes) were used in the prediction of unsatisfied hydrogen bond 

donors and acceptors. 

 
3.1.2.2.2 Multi-Layer Perceptron – Multi-Task Learning Model  
 
The MTL MLP models have 4 task-specific output layers: 2 regression and 2 multi-class 

classification heads. The shared hidden layers learn a common molecular representation across 

related prediction tasks – parameter sharing can introduce an inductive bias that promotes 

knowledge transfer (regularization effect: learns common structures, improves generalization, 

and reduces overfitting). Hard parameter sharing was implemented, where the parameters are 

jointly optimized across all tasks. The MTL model was used in the joint prediction of molecular 

docking scores, strain, and unsatisfied hydrogen bond donors and acceptors.  
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Table 3.2. Model-specific components.  
Model Task Loss  Metrics 

MLP-R Regression MSE Pearson Correlation 
Coefficient, RMSE, R2 

MLP-C Classification Cross Entropy Precision, Recall 
 

MLP-MTL 
Multi-Task Learning: 

regression + classification 
Uncertainty-

weighted: MSE + 
Cross Entropy 

Pearson Correlation 
Coefficient, RMSE, R2, 
Precision, Recall 

 
3.1.3 Loss Functions  
 
3.1.3.1 Loss Functions – Single-Task Learning  
 
3.1.3.1.1 Mean Squared Error – Regression  
 
Mean Squared Error (MSE) is a common regression, loss function that measures the average of 

the squared difference between the predicted and actual values. MSE was implemented as the 

regression loss function.  

 
(Equation 3.3)	

L!"# =
1
N0(y$ −	y3$)%

&

$'(

 

 
where, N is the number of samples, i is the sample, yi is the actual value, and 𝑦3) is the predicted 

value.  

 
3.1.3.1.2 Cross Entropy – Multi-Class Classification 
 
Cross Entropy (CE) is a common multi-class classification loss function that measures the 

difference between the predicted probability distribution and actual distribution. The CE version 

implemented operates on the network logits.  
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(Equation 3.4)	

L*# =
1
N0−log

&

$'(

	 𝑒+!,#! 	

0𝑒+!,$
,

-'(

	

 
where, N is number of samples, i is the sample, k is the number of classes, 𝑒+! is the logit, and 𝑦) 

is the actual class label.  

 
3.1.3.2 Loss Function – Multi-Task Learning 
 
MSE (Section 3.1.3.1.1) and Cross Entropy (Section 3.1.3.1.2) were used as the regression and 

classification loss functions, respectively, in the MTL model.  

The conventional method to combine multiple objective losses is a weighted linear sum of the 

losses for each individual task: 

 

(Equation 3.5) 
L. =0w$L$

$

	

 
where, LT is total loss, i is the task, wi is the task-specific weight, and Li is task-specific loss. 
 
Concerns with this method include appropriate weight selection and resource demands. 
 
Homoscedastic uncertainty weighing proposed in Kendell et al.12 work was used to implement 

MTL with multiple regression and classification objectives – this method handles task-specific 

loss weighing through a trainable parameter (s) to balance the contributions of each task during 

model training:  

 

(Equation 3.6)	

L. =0
1
2σ$%

L$ 	+ 	logσ$
$

	

 
 
where, LT is the total loss, i is the task, 𝜎) is the task-specific trainable parameter, and Li is the 

task-specific loss. 
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Homoscedastic uncertainty weighing balances task-specific gradient magnitudes and normalizes 

different loss scales. Tasks with higher uncertainty (s) contribute less to the total loss, whereas 

tasks with lower uncertainty (s) contribute more. The trainable parameter (s) was initialized at a 

small positive number (0.1) to attribute moderate importance to each task before dynamic, task-

specific weighing.  

 
3.1.4 Machine Learning Metrics  
 
The metric selected to assess the classification of active versus inactive molecules is LogAUC as 

used in the VS benchmark and described in Section 2.5.  

 
3.1.4.1 Regression Metrics  
 
3.1.4.1.1 Root Mean Squared Error 
 
Root Mean Squared Error (RMSE) is the square root of the average of the squared differences 

between the predicted and actual values. The RMSE scale ranges from 0 to positive infinity, 

where 0 indicates perfect performance, and higher numbers indicate worse performance.  

 

(Equation 3.7)	

RMSE = @
1
N0(𝑦) − 𝑦3))%

&

$'(

 

 
where, N is the number of samples, i is the sample, 𝑦) is the actual value, and 𝑦3) is the predicted 

value. 

 
3.1.4.1.2 Pearson Correlation Coefficient  
 
Pearson Correlation Coefficient (r) is a statistical measure of the strength and direction of the 

linear association between two continuous variables. The correlation scale ranges from -1 to 1, 

where 0 indicates no correlation, 1 indicates total positive correlation, and -1 indicates total 

negative correlation.  
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(Equation 3.8) 

r = 
 

0By/C − y3DE(y$ − yD)
&

$'(

 

@0(y/C − y3D)%(y$ − yD)%
&

$'(

 

where, N is number of samples, i is the sample, y0 is the actual value, y30 is the predicted value, yD 

is the mean of the actual values, and y3D is the mean of the predicted values.  

 
3.1.4.1.3 R-squared   
 
R-squared (R2) or coefficient of determination is a statistical measure of the variation in the 

dependent variable that is predictable from the independent variable(s). The R2 scale ranges from 

0 to 1, where 0 indicates none of the dependent variable’s variance is explained by the 

independent variable, 1 indicates all the dependent variable’s variance is explained by the 

independent variable, and between 0 and 1 indicates the extent to which the dependent variable’s 

variance can be predicted from the independent variable.  

(Equation 3.9) 

R% = 1 − 

0(y$ − y/C)%
&

$'(

 

0(y$ − 𝑦D)%
&

$'(

 

 
where, N is the number of samples, i is the sample, y0 is the actual value, y30 is the predicted 

value, and yD is the mean of the actual values. 

 
3.1.4.2 Multi-Class Classification Metrics  
 
3.1.4.2.1 Precision  
 
Precision is the proportion of the model’s positive classifications that are true positives. The 

precision scale ranges from 0 to 1, where 0 indicates none of the predicted positives are correct, 

and 1 indicates that all the predicted positives are correct.  
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(Equation 3.10) 
Precision	=	 True	Positives

True	Positives+False	Positives
	

 
The weighted-average precision was used to handle class imbalance: computes an independent 

precision for each class and averages each class-specific precision with the weights proportional 

to the number of true samples in the class.  

 

(Equation 3.11) 
	

Precision@A$BCDAE =0L
Nc
NMPrecisionG

c

c=1

	

	
 
where, c is the class, Nc is the number of true samples in the class, and N is the total number of 

samples. 

 
3.1.4.2.2 Recall 
 
Recall is the proportion of all true positive samples that were classified positive. The recall scale 

ranges from 0 to 1, where 0 indicates none of the true positive samples were predicted positive, 

and 1 indicates that all true positive samples were predicted positive.  

 

(Equation 3.12) 
Recall	=	 True	Positives

True	Positives+False	Negatives
	

 
The weighted-average recall was used to handle class imbalance. It computes an independent 

recall for each class and averages each class-specific recall with the weights proportional to the 

number of true samples in the class. 

 

(Equation 3.13) 
	

Recall@A$BCDAE 	=0L
NG
N M

G

G'(

Recall* 	

 
where, c is the class, Nc is the number of true samples in the class, and N is the total number of 

samples. 
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3.2 Results and Discussion  
 
3.2.1 Model Performance  
 
MTL was compared to STL in the prediction of molecular docking scores, strains, and 

unsatisfied hydrogen bond donors and acceptors (Figure 3.4-3.7).  

 
Figure 3.4 summarizes model performances for molecular docking score predictions on the 

testing dataset. STL showed better performance in Pearson correlation coefficient, RMSE, and 

R2 compared to MTL. The MTL architecture did not contribute to improved model performance 

for the prediction of molecular docking scores, suggesting that the additional tasks do not 

increase inductive transfer in the shared representation environment. Model performance was 

very system-dependent, as substantial differences in model performances were observed (ranges 

around Pearson correlation coefficient 0.60–0.90, RMSE, 0.50–0.90, and R2 0.30–0.80). 

 

 
Figure 3.4. STL and MTL model performances for molecular docking score predictions. 
Model performances are reported on the testing dataset. Pearson Correlation Coefficient, R2, and 
RMSE metrics (left to right).  
 
Figure 3.5. summarizes model performances for strain prediction on the testing dataset. STL and 

MTL model performances (Pearson correlation coefficient, RMSE, and R2) were near identical 

across all datasets. The MTL architecture did not contribute to improved model performance, but 

the incorporated other tasks did not interfere with strain prediction. This suggests that strain is a 

robust task in the joint learning environment. All datasets and molecular docking programs 

considered, STL and MTL models showed strong predictive power (Pearson correlation 

coefficients > 0.85 and R2 > 0.70).  
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Figure 3.5. STL and MTL model performances for strain predictions. Model performances 
are reported on the testing dataset. Pearson Correlation Coefficient, R2, and RMSE metrics (left 
to right).  

 
Figure 3.6. summarizes model performances for unsatisfied hydrogen bond donor predictions on 

the testing dataset. STL and MTL model performances (class-weighted precision and recall) 

were near identical across all datasets – this similar pattern was also observed in the prediction of 

strain. The STL and MTL models showed strong performance (precision > 0.95 and recall > 

0.95). Class-weighted precision and recall were near identical.  

 

 
Figure 3.6. STL and MTL model performances for unsatisfied hydrogen bond donor 
predictions. Model performances are reported on the testing dataset. Precision (left) and recall 
(right) metrics.  
 
Figure 3.7. summarizes model performances for unsatisfied hydrogen bond acceptor predictions 

on the testing dataset. STL showed better performances (class-weighted precision and recall) 

than MTL; the additional tasks in the MTL architecture did not improve model performance for 

unsatisfied hydrogen bond acceptor predictions. The STL models showed very strong 

performance (precision > 0.97 and recall > 0.97); MTL models showed a modest reduction 

compared to STL, but still strong performance (precision > 0.91 and recall > 0.91). Class-
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weighted precision and recall were near identical – as seen in unsatisfied hydrogen bond donor 

predictions.  

 

 
Figure 3.7. STL and MTL model performances for unsatisfied hydrogen bond acceptor 
predictions. Model performances are reported on the testing dataset. Precision (left) and recall 
(right) metrics. 
  
Moreover, the MTL architecture reduced computational runtime (3-4x), Figure 3.8, at 

comparable model performances to STL. Although STL showed very slightly better performance 

overall, MTL provides significant runtime speed and resource advantages – this is of significant 

importance in ultra large-scale VS.  

 

 
Figure 3.8. Model runtime comparisons between STL and MTL. Runtimes are the 
cumulative hours to run training, validation (HPO), and testing on molecular docking scores, 
strain, unsatisfied hydrogen bond donors, and unsatisfied hydrogen bond acceptors. Separate 
models (4) were run with STL; the cumulative runtime is shown.  
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3.2.2 Early Enrichment  
 
Early enrichment in simulated large-scale VS was assessed with LogAUC (Section 2.2). All the 

selected proteins (MTORC1, MAPK1, TP53, and VDR) showed an improvement in LogAUC in 

benchmark (Table 3.1) when both strain and unsatisfied hydrogen bond filtering was considered. 

This suggested that these filters can be used to substantially improve enrichment in large-scale 

VS through the removal of artifactual, high scoring molecules.  

 

 
Figure 3.9. STL and MTL simulated large-scale VS results. LogAUC before (i) and after (f) 
filtering with strain and unsatisfied hydrogen bonds, and DLogAUC (vertical difference lines and 
values) are shown for each protein dataset at the thresholds reported in Table 3.1.  
 
The simulated large-scale VS with STL and MTL models are shown, Figure 3.9. MTORC1 in 

simulated large-scale VS with the STL model showed a better improvement in DLogAUC (0.21) 

compared to the MTL model (0.03), after filtering with strain and unsatisfied hydrogen bonds. 

The same pattern is observed with MAPK1, where the STL model showed better improvement in 

DLogAUC (0.19) compared to the MTL model (0.10). TP53 showed the highest improvement in 

DLogAUC out of all the proteins explored in this simulated large-scale VS. The enrichment 

(LogAUC) with molecular docking scores alone was comparable to random classification (close 

to 1.45); strain and unsatisfied hydrogen bond filtering improved enrichment with DLogAUC 

values of 0.84 and 0.52 with the STL and MTL models, respectively. For VDR, both STL and 

MTL models did not improve enrichment with strain and unsatisfied hydrogen bonds filtering, 

DLogAUC is negative in both cases. These simulated large-scale VS demonstrated that strain and 
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unsatisfied hydrogen bond filtering can increase early enrichment and MTL can be used in this 

setting, but the performance is system-dependent.  

 
The reduction in database size was observed as a major advantage to strain and unsatisfied 

hydrogen bond filtering, Figure 3.10, where enrichment (DLogAUC) is positive. 

 

 
Figure 3.10. Database reduction with filtering in STL and MTL simulated large-scale VS. 
The filters applied are strain, unsatisfied hydrogen bond donors, and unsatisfied hydrogen bond 
acceptors.  

 
MTORC1, MAPK1, and TP53 showed positive enrichment (DLogAUC) and significant database 

reductions (>90%) with strain and unsatisfied hydrogen bond filtering. This demonstrates that 

these selected filters can provide significant advantages in large-scale VS.  

 
3.3 Conclusions  
 
In this chapter, we explored how medicinal chemistry filters (strain and unsatisfied hydrogen 

bonds) can improve early enrichment in large-scale VS, and how MTL can be used to this end – 

however the performance and effectiveness is system-dependent. In MTORC1, MAPK1, and 

TP53 VS, these filters improved enrichment with both STL and MTL models. There are some 

examples in which the consideration of these filters is not productive, i.e. both STL and MTL 

models in the VS of VDR. STL models performed slightly better than MTL models across all VS 

in the predictions of all medicinal chemistry properties explored (molecular docking scores, 

strain, and unsatisfied hydrogen bonds), leading to slightly improved enrichments (LogAUC). 

This suggests that shared representation learning does not confer to better model performance in 
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this setting, but MTL offers substantial runtime reductions (3-4x) compared to STL. Moreover, 

this method showed significant database size reductions (>90%) across all VS. These resource 

advantages are particularly relevant in the VS of ultra-large chemical libraries in the ever-

expanding chemical space.  
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3.5 Appendix  
 
Supplementary Table 1. MTL model (best) training: learnable parameter (s) in 
uncertainty-weighted method. 

Docking 
Program 

Protein s  
(u-hbda) 

s  
(u-hbab) 

s  
(docking score) 

s  
(strain) 

AD MTORC1 0.29 0.49 0.54 0.95 
MAPK1 0.41 0.53 0.51 0.78 

GNINA 
 

TP53 0.24 0.41 0.59 1.78 
VDR 0.43 0.57 0.90 0.95 

aunsatisfied hydrogen bond donors. bunsatisfied hydrogen bond acceptors. 
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Chapter 4: Conclusions and Future Directions  
 
The work presented in this thesis outlines the research and design involved in the development of 

a new MOO ML-accelerated molecular docking model that includes the prediction of multiple, 

3D medicinal chemistry properties (strain and unsatisfied hydrogen bonds) to aid in the selection 

of potential bioactive molecules, towards the development of next-generation drug discovery 

tools and therapeutics.  

 
The second chapter in this work tested strain and unsatisfied hydrogen bond filters in the 

selection of hit candidates in simulated VS campaigns: GPCR-Bench and LIT-PCBA databases 

were docked with molecular docking programs AutoDock and GNINA and subjected to strain 

and unsatisfied hydrogen bond filters at different threshold combinations. These simulated 

campaigns showed system-dependence in the early enrichment of docking-ranked compound 

lists. In contrast to the common strain1–5 and unsatisfied hydrogen bond1,4,6–10 thresholds used in 

literature, no single threshold or combination improved enrichment across all protein-ligand 

datasets explored. However, several proteins showed significant enrichment with the tested 

filters at specific thresholds. Therefore, these filters can be effective post-processing tools in VS 

when retrospectively confirmed to aid the selection of candidates for the protein target of 

interest. This work contributed a strain and unsatisfied hydrogen bonds benchmark with an 

exhaustive search of all filter threshold combinations.  

 
The third chapter in this work developed and tested a new MOO ML-accelerated molecular 

docking model that incorporates selected 3D medicinal chemistry filters to assess the impact on 

early enrichment in simulated large-scale VS. This method showed system-dependent 

performance – most systems studied showed an improvement in enrichment (DLogAUC) with 

values between 0.03-0.84. Moreover, there were substantial reductions in chemical database 

sizes (90-99%) across all simulated VS. MTL models showed the potential to improve early 

enrichment in large-scale VS, while accelerating runtime (3-4x) compared to STL, without 

significant performance loss. Existing MOO ML-accelerated molecular docking models11,12 

focus on the prediction of docking scores and other experimental, drug-like characteristics. This 

work is the first which aims to reduce artifact contamination in molecular docking through the 

incorporation of 3D medicinal chemistry properties (strain and unsatisfied hydrogen bonds) to 
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improve hit identification in large-scale VS. 

 

To summarize, a new MOO ML-accelerated molecular docking model was developed to support 

artifact filtering and selection of promising candidates in the early stages of drug discovery. 

These models offer a method to explore and narrow down ultra-large chemical spaces in the 

search of novel drug candidates, but as with all current, available methods, its success is not 

universal – modelling protein-ligand binding is complex.  

 
These models are inherently dependent on the quality of available data (protein structures and 

ligand activities) and the methods and tools used to acquire their labels. To address the observed 

system-dependence in future large-scale VS campaigns, the combination of objectives can be 

selected based on specific, available information about the pharmaceutical target of interest – 

including other tasks such as multiple docking scores, pharmacophore matching, and specific 

protein-ligand interactions could be explored. Testing other MTL partial/hybrid or soft parameter 

sharing architectures13 could improve model performance through learning task-specialized 

representations. Moreover, active learning14 could be incorporated in the model’s architecture to 

label selected, informative data in an iterative manner for training, where the most informative 

unlabeled data is identified based on the likelihood of improving model performance.  

 
This work provides an open-source, medicinal chemistry-informed ML-accelerated molecular 

docking model in contribution to the development of new drug discovery tools. To validate the 

effectiveness of these models in early enrichment, prospective, ultra large-scale VS on a 

pharmaceutical target of interest should be conducted, proceeded with experimental testing on 

the top virtual hit candidates.  
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