


9 Experimental validation

9.1 Prospective docking and X-ray validation of PCSK9 AZD-0780 complex

9.1.1 Identification of the AZD-0780 Binding Site on the PCSK9 C-terminal Domain

AZD-0780 was docked into 16 publicly available PCSK9 structures containing an intact C-terminal

domain (CTD), and the resulting binding modes are summarized in Figure S12. Docking converged

to a consensus binding mode in 12 of the 16 structures. The remaining four structures either adopted

a flipped ligand orientation (3SQO) or corresponded to engineered constructs (5VLP, 6U2F, and

6U3I) with distorted CTD conformations that occlude the binding pocket.

Figure S12: Ensemble docking across PCSK9 C-terminal domain structures. (a) Native human PCSK9

structures producing a consistent binding mode (2P4E (74), 2PMW (75), 3H42 (76), 3MOC (77), 3P5C (78),

4K8R (79), 4NE9 (80), 5OCA (81), 6U36, 6U38, 6U3X (82), 7ANQ (83)). (b) Structures producing incon-

sistent poses, including a flipped orientation in 3SQO (84) and distorted binding pockets in the engineered

constructs 5VLP (85), 6U2F, and 6U3I (86).
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9.1.2 PCSK9 expression and purification

A human PCSK9 construct corresponding to residues Gln31–Gln692 of UniProt Q8NBP7 was

expressed with an N-terminal honeybee melittin secretion signal and a C-terminal His6 tag. The

construct used for structural studies contained the V474I and G670E substitutions. The expressed

protein comprised the PCSK9 prodomain and catalytic/C-terminal domains and retained the C-

terminal affinity tag.

Secreted C-terminally His-tagged PCSK9 was purified from insect-cell conditioned medium by

immobilized metal-affinity chromatography followed by size-exclusion chromatography. The final

purified protein was formulated in 20 mM Tris-HCl, pH 8.0, 300 mM NaCl, concentrated to 11 mg

ml-1 by A280, aliquoted, flash-frozen and stored at -80 °C.

Purity and homogeneity were assessed after one freeze–thaw cycle. Reducing SDS–PAGE

showed >95% purity, with bands corresponding to the mature prodomain and catalytic/C-terminal

domain. Analytical size-exclusion chromatography on a Superdex 200 Increase 10/300 column,

equilibrated in the storage buffer, showed a monodisperse elution profile without evidence of

aggregation, degradation or higher-order oligomerization. The purified protein was present as the

mature non-covalent PCSK9 complex generated by autolytic cleavage at the expected site between

residues 152 and 153. Protein identity and integrity were confirmed by intact-mass LC–MS and

peptide mass fingerprinting. Intact-mass analysis detected the mature prodomain and catalytic/C-

terminal domain and was consistent with partial phosphorylation of the prodomain and glycosylation

of the catalytic domain.

9.1.3 PCSK9 crystallization, data collection and structure determination

Human PCSK9 in complex with AZD0780 was crystallized using a construct comprising residues

31–692 and containing the V474I and G670E substitutions; the purification tag was left uncleaved.

Purified PCSK9 at 11.0 mg ml−1 in 20 mM Tris-HCl, pH 8.0, 300 mM NaCl was pre-incubated for 1 h

with AZD0780 at 1.5 mM, corresponding to an approximately tenfold molar excess of compound.

Crystals were obtained at 20 °C by sitting-drop vapor diffusion by mixing protein–ligand complex

with an equal volume of reservoir solution containing 0.10 M MD Buffer System 1, pH 5.8, 13%

MD Precipitant Mix 2, 2.5% (v/v) MD Cryopolyols and 90 mM MD LiNaK Mix. Crystals suitable
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for diffraction were obtained after 7 d.

Crystals were cryoprotected by addition of ethylene glycol to a final concentration of 15% before

flash-cooling. X-ray diffraction data were collected at the European Synchrotron Radiation Facility,

Grenoble, France, on beamline ID23-1. Data were collected at a wavelength of 0.91508 Å from a

crystal of PCSK9–AZD0780 in space group P21221, with unit-cell parameters a = 107.0 Å, b =

109.4 Å, c = 122.6 Å, 𝛼 = 𝛽 = 𝛾 = 90◦. The data were initially integrated and scaled using auto-

PROC and SCALA/AIMLESS, giving a complete isotropic dataset to 3.13 Å resolution. Because

the diffraction was anisotropic, the data were further processed using autoPROC/STARANISO,

yielding anisotropic diffraction limits of 2.13, 3.76 and 2.60 Å along a*, b* and c*, respectively,

and an effective high-resolution limit of 2.07 Å. The STARANISO-processed dataset had an overall

ellipsoidal completeness of 92.5%, mean 𝐼/𝜎(𝐼) of 4.2, multiplicity of 11.5 and CC1/2 of 0.982.

The structure was solved by molecular replacement using a published PCSK9 structure as the

search model (PDB 2QTW). Iterative model building and refinement were performed using manual

rebuilding and REFMAC5. Ligand restraints for AZD0780 were generated with ACEDRG from the

CCP4 suite. Atomic displacement parameters were refined using one isotropic B factor per atom

and TLS groups defined per protein chain. The final model was refined against the STARANISO-

processed data to 2.07 Å resolution and contained 8,833 atoms, with an average B factor of 35.9 Å2.

The final refinement statistics were 𝑅𝑤𝑜𝑟𝑘 = 0.327 and 𝑅 𝑓 𝑟𝑒𝑒 = 0.405. Model geometry was good,

with root-mean-square deviations from ideality of 0.002 Å for bond lengths and 0.802° for bond

angles. Ramachandran analysis showed 95.2% of residues in favored regions, 4.8% in allowed

regions and no outliers.

The asymmetric unit contained two PCSK9 molecules, each comprising the inhibitory prodomain

and the catalytic/serine protease plus C-terminal cysteine-rich domains. Electron density was best

defined for chains A and B, whereas chains C and D were more weakly ordered. Clear Fo – Fc

difference density was observed for AZD0780 in the binding site of chain B before ligand mod-

elling, enabling placement of the full compound. The final model includes AZD0780 bound in the

C-terminal cysteine-rich domain of PCSK9.

Table S16 summarizes the data collection and refinement statistics.
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Table S16: PCSK9 crystallization data collection and refinement statistics. Data was collected from

one crystal. Values in parentheses are for the highest-resolution shell. Completeness is reported as ellipsoidal

completeness from STARANISO processing because the dataset was anisotropic. The ligand/ion atom count

includes 30 ligand atoms and two calcium ions.

Data collection

Space group 𝑃21221

Cell dimensions

𝑎, 𝑏, 𝑐 (Å) 106.990, 109.447, 122.602

𝛼, 𝛽, 𝛾 (◦) 90.0, 90.0, 90.0

Resolution (Å) 109.45–2.07 (2.45–2.07)

𝑅merge 0.543 (1.710)

𝐼/𝜎𝐼 4.2 (1.6)

Completeness (%) 92.5 (66.8)

Redundancy 11.5 (11.2)

Refinement

Resolution (Å) 109.45–2.07

No. reflections 33,926

𝑅work / 𝑅free 0.327 / 0.405

No. atoms

Protein 8,297

Ligand/ion 32

Water 504

𝐵-factors (Å2)

Protein 39.04

Ligand/ion 17.70

Water 24.94

R.m.s. deviations

Bond lengths (Å) 0.002

Bond angles (◦) 0.802
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9.1.4 Validation of the AZD0780 binding pose

Although the global refinement residuals were comparatively high 𝑅𝑤𝑜𝑟𝑘 = 0.327 and 𝑅 𝑓 𝑟𝑒𝑒 =

0.405, the placement of AZD0780 was supported by multiple local measures that were evaluated

independently of the overall model statistics. The elevated global residuals were associated with

pronounced diffraction anisotropy and weak electron density for the second PCSK9 molecule in the

asymmetric unit, whereas the PCSK9 copy comprising chains A and B, including the AZD0780-

binding site in chain B, was substantially better ordered.

Before inclusion of AZD0780 in the atomic model, refinement of the ligand-free structure

produced contiguous positive (Fo-Fc) difference density at the binding site that encompassed

the full length of the compound and permitted an unambiguous assignment of its orientation.

Subsequent refinement yielded continuous (2Fo-Fc) density around the ligand and preserved the

hydrogen-bonding and hydrophobic interactions expected for the refined pose. The ligand was

modeled at an occupancy of 1.00, with a mean atomic B factor of 16.9 Å2, closely matching the

mean B factor of 18.5 Å2 for protein atoms within 4 Åof the ligand. The similarity between ligand

and local protein B factors argues against placement of a poorly ordered or substantially overfitted

ligand.

The asymmetric unit contained two PCSK9 molecules; however, interpretable ligand density

was observed only in the better ordered chain-B binding site. The corresponding region of chain D

was globally more weakly defined and did not support reliable placement of a second AZD0780

molecule. The chain-D site was therefore left unoccupied rather than imposing a ligand model in

the absence of sufficient experimental density. Consequently, the chain-B ligand pose is supported

by the local experimental data but is not independently replicated by the second crystallographic

copy.

The overall chain-B structure superimposed on the reference PCSK9 structure 2QTW with a

𝐶𝛼 r.m.s.d. of 1.1 Åover 473 aligned residues. The V474I substitution is spatially separated from

AZD0780, with a minimum ligand–residue distance of approximately 16.6 Å, and does not make

direct contacts with the compound. Residues 660–670, including the G670E substitution, were

disordered and were not included in the final model. Thus, the structure supports the conclusion

that the resolved ligand-binding site is not detectably distorted relative to the reference PCSK9 fold,
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but it does not permit a direct structural assessment of the G670E side chain itself.

The atomic coordinates and structure factors have been deposited in the Protein Data Bank

under accession code 37HF.

9.2 Virtual screening

9.2.1 Virtual screening workflow

DODock and DOScore were utilized to screen two chemical spaces: the Enamine REAL Space

synthon-based library, comprising 70 billion compounds, and the Enamine REAL database, con-

taining 9.6 billion fully enumerated compounds. To navigate the synthon-based library, we deployed

a reinforcement learning-based sampler designed to optimize docking scores by selecting the most

favorable synthons during molecule generation. Conversely, an active learning sampling strategy

was applied to the enumerated database. For both virtual screening workflows, approximately 5

million molecules were docked and scored.

9.2.2 CD73

The prospective virtual screening workflow is summarized in Figure 4. CD73 presents a particularly

challenging target for structure-based virtual screening because the active site contains two catalytic

𝑍𝑛2+ ions and represents a phosphate-binding pocket, both of which complicate accurate scoring

of ligand interactions while the active site undergoes substantial conformational changes during

catalysis.

To account for the substantial conformational flexibility of the CD73 active site, particularly

around the N186 and N499 gating regions, an ensemble docking strategy was developed using mul-

tiple experimentally determined crystal structures representing distinct active-site conformations,

including 6XUE chain A (87), 6YE2 chain A (88), 6S7F chain A (89), and 7JV8 chain C (90). Prior

to docking, loop modeling and pKa calculations were performed to optimize protein structures and

assign appropriate amino acid protonation states. Docking calculations were performed in both the

presence and absence of phosphate to capture ligand-induced changes in active-site architecture.

To guide ligand recognition, all available CD73 co-crystal structures together with literature-

reported inhibitor complexes were structurally aligned to identify conserved binding interactions.
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This analysis revealed three recurring pharmacophore features shared by virtually all potent non-

nucleotide inhibitors: (i) an aromatic ring positioned between F417 and F500, forming the charac-

teristic 𝜋-stacking interaction observed in co-crystal structures, (ii) a hydrogen-bond acceptor inter-

acting with the side chain of N390, and (iii) a hydrogen-bond donor interacting with D506. These

conserved interaction motifs are consistent with crystallographic observations and structure-activity

relationship studies of nucleotide and non-nucleotide CD73 inhibitors (91) and were incorporated

as key pharmacophore constraints during virtual screening.

Structural alignment additionally revealed a highly conserved water-filled subpocket adjacent to

L415, occupied by ordered water molecules across all available CD73 crystal structures irrespective

of ligand or protein conformation. To preserve this conserved hydration site during virtual screening,

four exclusion spheres (radius 1.5 Å) were introduced to represent the steric volume occupied by

these water molecules. This design was motivated by the consistent structural observation that

productive CD73 ligands preserve this hydration network and was further supported by published

structure-activity relationship studies demonstrating that bulky substituents projecting toward this

region are poorly tolerated (87).

Application of the virtual screening workflow generated approximately 100,000 virtual hits

(Figure 4). Compounds were subsequently prioritized using binding affinity score, a proprietary

machine learning-based aqueous solubility (LogS) prediction model, pharmacophore compliance,

ligand strain energy assessment, and molecular dynamics-based pose stability. Candidate molecules

were additionally counter-docked against the open-state CD73 structure (PDB 4H2F) to eliminate

compounds predicted to preferentially bind nonproductive open conformations. Compounds ex-

hibiting significant disagreement between predicted poses across open and closed receptor confor-

mations (RMSD > 2.5 Å), poor molecular dynamics stability (MD RMSD > 4.0 Å), or unfavorable

physicochemical properties were removed during post-processing.

Following automated prioritization, approximately 1,500 compounds were selected for detailed

manual inspection by experienced computational chemists. Binding modes, interaction networks,

synthetic accessibility, scaffold novelty, and overall medicinal chemistry attractiveness were evalu-

ated. To maximize chemical diversity and avoid rediscovery of previously reported inhibitor classes,

complementary clustering and novelty analyses were subsequently performed. Scaffold diversity

was assessed by Bemis-Murcko scaffold clustering using ECFP4 fingerprints with a Tanimoto simi-
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larity threshold of 0.5, while whole-molecule diversity was evaluated using ECFP4 fingerprints with

a Tanimoto similarity threshold of 0.4. Finally, all prioritized compounds were compared against

the set of 1,247 curated CD73 inhibitors. Molecules exhibiting an ECFP4 Tanimoto coefficient

below 0.35 relative to every known CD73 inhibitor were classified as putatively novel chemotypes

and were preferentially advanced for experimental evaluation.

The combined computational and expert-driven triage process yielded 220 compounds for

procurement, of which 183 compounds were successfully acquired and experimentally tested.

As summarized in Figure 4, biochemical screening identified 56 compounds with 𝐼𝐶50 values

below 500𝜇𝑀 , including 54 compounds with biochemical 𝐼𝐶50 < 100𝜇𝑀 and 9 compounds

with biochemical 𝐼𝐶50 < 10𝜇𝑀 . Cellular profiling identified 14 compounds with cellular 𝐼𝐶50

values below 100𝜇𝑀 , including 8 compounds with cellular 𝐼𝐶50 < 10𝜇𝑀 , with one compound

exhibiting 570 nM cellular potency. Notably, most confirmed hits displayed low structural similarity

to previously reported CD73 inhibitors.

CD73 biochemical activity assay

CD73 activity was measured using a malachite-green phosphate detection assay. Recombinant

human CD73 (5’-nucleotidase, NT5E) was obtained from R&D Systems (5795-EN-010), 5’-AMP

disodium salt from Sigma-Aldrich (01930-5G), and BIOMOL Green reagent from Enzo Life

Sciences (BML-AK111-1000). Reactions were performed in assay buffer containing 50 mM Tris-

Cl, pH 7.5, 100 mM NaCl, 1 mM MgCl2, 1 mM CaCl2, 5𝜇𝑀 ZnCl2 and 0.005% Brij-35.

Compounds were dispensed acoustically using an Echo dispenser and screened either in a two-

dose format at 100𝜇𝑀 and 10𝜇𝑀 or, for selected positive hits, in a 10-point dose-response format.

Dose-response experiments were typically performed over a final compound concentration range

of 200 to 0.01𝜇𝑀 , in an assay buffer containing 1% v/v DMSO. Reactions were performed in a

final volume of 30𝜇𝑙 containing 0.06𝑛𝑀 CD73 and 8𝜇𝑀 5’-AMP. Compounds were preincubated

with CD73 for 30 min at 23 °C before reactions were initiated by addition of 5’-AMP. After 60 min

at 23 °C, reactions were quenched by addition of 30𝜇𝑙 BIOMOL Green reagent and incubated for

a further 60 min at 23 °C. Absorbance was measured at 620 nm using an EnVision plate reader

equipped with a monochromator.

Positive- and negative-control wells included enzyme and substrate in the absence of inhibitor, or

substrate without enzyme, respectively. PSB-12379 and CD73-IN-5 were used as CD73 inhibitor
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controls (MedChemExpress, HY-100747 and HY-145334, respectively). Percent inhibition was

calculated relative to the positive and negative controls, and 𝐼𝐶50 values were determined by fitting

concentration–response data with a four-parameter variable-slope nonlinear regression model.

Compounds were considered positive hits if 𝐼𝐶50 was < 100𝜇𝑀 and Max Inhibition > 30%.

Cell-based CD73 activity assay

Cell-surface CD73 activity was measured in U87MG cells using a malachite-green phosphate

detection assay. U87MG cells, which express high levels of CD73, were detached with Accutase,

washed, resuspended in assay buffer and plated at 1,500 cells per well in 80𝜇𝑙 in 96-well V-bottom

polypropylene plates (Corning, 3363). The assay buffer contained 20 mM HEPES, pH 7.5, 137 mM

NaCl, 5.4 mM KCl, 1.3 mM CaCl2, 4.2 mM NaHCO3 and 0.10% glucose.

Compounds were dispensed directly from DMSO stocks using a Tecan D300e digital dispenser,

with DMSO normalized to 1% v/v in all wells. Compounds were screened either in a two-dose

format at 100𝜇𝑀 and 10𝜇𝑀 or, for selected positive hits, in a 10-point dose-response format.

Dose-response experiments were typically performed from 200𝜇𝑀 using threefold serial dilutions.

Cells were incubated with compounds for 60 min before addition of 25𝜇𝑀 AMP substrate (Sigma-

Aldrich, 01930-5G). After substrate incubation, plates were centrifuged at 225 g for 5 min, and 80𝜇𝑙

supernatant was transferred to assay plates (Costar, 3370). Inorganic phosphate was detected using

the Phosphate Assay Kit–PiColorLock™ (Abcam, ab270004) and according to the manufacturers

instructions. Briefly, PiColorLock reagent containing accelerator was added to each well, plates

were incubated for 5 min at room temperature, stabilizer was added, and plates were shaken for 5

min before a further 25-min incubation in the dark. Absorbance was measured at 620 nm using an

EnVision multilabel plate reader.

DMSO-treated cells incubated with or without AMP were used as the maximum- or minimum-

signal controls, respectively. Wells containing no cells were used for background subtraction.

PSB-12379 and CD73-IN-5 were used as positive control. Beatty compound 33 (87) was used as

an internal low-potency QC control. Percent inhibition was calculated relative to the maximum-

and minimum-signal controls after background subtraction, and 𝐼𝐶50 values were determined by

fitting concentration-response data with a four-parameter logistic model.
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9.2.3 IRAK4

The prospective virtual screening workflow is summarized in Figure S13. IRAK4 represents a

challenging kinase target for structure-based virtual screening due to the high conservation of the

ATP-binding site and the propensity for false-positive enrichment driven by generic hinge-binding

chemotypes.

Figure S13: IRAK4 experimental validation results. (a) Prospective virtual screening workflow. Approx-

imately 80 billion compounds from Enamine REAL Space were computationally screened and progressively

prioritized to 153 compounds for procurement, of which 127 were experimentally evaluated. The number of

compounds remaining after each filtering stage and the corresponding biochemical and cellular hit rates are

shown. (b) Characterization of validated hits. Top, single-concentration biochemical inhibition measured at

100 and 10𝜇𝑀 . Middle, molecular weight (MW) and topological polar surface area (TPSA) distributions of

validated hits. Bottom left, UMAP projection of ECFP4 fingerprints comparing validated hits (orange) with

previously reported IRAK4 inhibitors (blue). Bottom right, distribution of ECFP4 Tanimoto similarity be-

tween validated hits and the closest known IRAK4 inhibitor, illustrating the chemical novelty of the identified

compounds. (c) Representative validated IRAK4 inhibitors. Chemical structures, biochemical and cellular

𝐼𝐶50 values, physicochemical properties, and representative dose-response curves for two non-nucleotide

inhibitors.
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Structural analysis of available co-crystal structures revealed a conserved water molecule in

the back pocket of the ATP-binding site, forming a stable hydrogen-bonding network with the

side chains of E233 and D329. To preserve this interaction network, post-docking filtering was

introduced to penalize or remove compounds that occupy this conserved water site. To guide ligand

recognition, two pharmacophore constraints were defined for virtual screening: a hydrogen-bond

acceptor interaction with the backbone of M265 in the hinge region, and an aromatic ring feature

oriented toward the back pocket of the ATP-binding site.

To account for receptor flexibility, ensemble docking was performed using 4Y73_A (92),

8V2F_A (93), 6LXY_A (94), 8TVN_A (95), and 6O94_A (96) crystal structures, following loop

modeling and pKa-based protonation state assignment. During virtual screening, the optimal recep-

tor conformation was automatically selected per ligand based on docking score and pose consistency.

Following virtual screening, compounds were further prioritized using physicochemical prop-

erty filters, quantum mechanics-based strain energy evaluation, and molecular dynamics-based

pose stability. For chemical space characterization, the selected candidate set was compared against

a curated set of approximately 320,000 kinase inhibitors with reported activities below 1𝜇𝑀 (𝐼𝐶50,

𝐾𝑖, 𝐾𝑑 , or 𝐸𝐶50) from BindingDB. Across this reference set, the maximum ECFP4 Tanimoto

similarity between screened compounds and known kinase inhibitors was 0.38, indicating that the

prioritized compounds occupy a distinct region of kinase-relevant chemical space.

Experimental validation identified 19 structurally diverse chemotypes with TR-FRET 𝐼𝐶50

values below 500𝜇𝑀 , including 12 compounds with sub-100𝜇𝑀 activity, 2 compounds with sub-

10𝜇𝑀 and one compound exhibiting 158𝑛𝑀 potency. Notably, these hits span multiple scaffolds

distinct from known IRAK4 inhibitor classes, confirming that the workflow enabled both enrichment

of active compounds and expansion beyond the canonical kinase inhibitor chemical space.

IRAK4 TR-FRET competition binding assay

IRAK4 ligand binding was measured using a time-resolved fluorescence resonance energy

transfer (TR-FRET) competition assay in which test compounds displaced fluorescent Kinase

Tracer 222 (KT222, ThermoFisher Scientific, PV6121) from His-tagged IRAK4 (Sino Biological,

10735-H07B-50) and was observed by TR-FRET, through proximity of KT222 to anti-His Eu-

W1024-labelled antibody (Revvity Health Sciences, AD0402).

Assays were performed in 384-well low-volume white flat-bottom NBS microplates (Corning,
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3824). Reactions were carried out in LANCE Detection Buffer (Revvity Health Sciences) containing

10 nM His-IRAK4, 2 nM anti-His Eu-W1024 antibody, 50 nM KT222 and 2.5% v/v DMSO. For

primary screening, compounds were tested in a two-dose format at 100𝜇𝑀 and 10𝜇𝑀 . Selected

compounds were subsequently profiled in a 15-point concentration-response format using two-fold

serial dilutions, with the highest final compound concentration reaching 500𝜇𝑀 . Zimlovisertib

(MedChemExpress, HY-19836) was used as a positive-control IRAK4 inhibitor.

Following overnight incubation at room temperature, TR-FRET was measured on a BioTek

Synergy Neo2 plate reader in TRF-laser mode using 337 nm excitation and dual 620 nm/665

nm emission detection. Compound activity was calculated from the reduction in TR-FRET signal

relative to DMSO and inhibitor control wells, and 𝐼𝐶50 values for confirmed hits were determined

by fitting concentration-response data with a four-parameter variable-slope nonlinear regression

model. Compounds were considered positive hits if 𝐼𝐶50 was < 500𝜇𝑀 and Max Inhibition

> 30%.

IRAK4 kinase activity assay

IRAK4 enzymatic activity was measured using the ADP-Glo Kinase Assay Kit (Promega),

which quantifies ADP generated during the kinase reaction. Reactions were performed in 384-

well low-volume white flat-bottom NBS microplates, containing 22.3 nM His-IRAK4, 100𝑛𝑔/𝜇𝐿

Myelin Binding Protein, 200𝜇𝑀 ATP and 2.5% v/v DMSO in a buffer containing 40 mM Tris-

HCl, pH7.4, 20 mM MgCl2, 50𝜇𝑀 DTT and 100𝑛𝑔/𝜇𝐿 BSA. Briefly, His-IRAK4 and MBP

were preincubated with compounds for 30 min at room temperature, followed by initiation of

kinase reaction by addition of ATP and 1 hr incubation at room temperature. ADP production was

detected using the ADP-Glo assay according to the manufacturer’s protocol, and luminescence was

measured on a BioTek Synergy Neo2 plate reader.

Compounds were first screened in a two-dose format at 100𝜇𝑀 and 10𝜇𝑀 . Selected com-

pounds were subsequently profiled in a 15-point concentration-response format using two-fold

serial dilutions, with the highest final compound concentration reaching 500𝜇𝑀 .

Compound activity was calculated from the reduction in ADP-Glo luminescence relative to

DMSO and inhibitor-control wells. 𝐼𝐶50 values for confirmed hits were determined by fitting

concentration-response data with a four-parameter variable-slope nonlinear regression model.
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9.2.4 Factor XI

Figure S14: Factor XI experimental validation results. (a) Prospective virtual screening workflow.

Approximately 80 billion compounds from Enamine REAL Space were computationally screened and

progressively prioritized to 360 compounds for procurement, of which 299 were experimentally evaluated.

The number of compounds remaining after each filtering stage and the corresponding biochemical hit rates are

shown. (b) Characterization of validated hits. Top, single-concentration biochemical inhibition measured at

1𝑚𝑀 and 100𝜇𝑀 . Middle, molecular weight (MW) and topological polar surface area (TPSA) distributions

of validated hits. Bottom left, UMAP projection of ECFP4 fingerprints comparing validated hits (orange) with

previously reported FactorXIa inhibitors (blue). Bottom right, distribution of ECFP4 Tanimoto similarity

between validated hits and the closest known FactorXIa inhibitor, illustrating the chemical novelty of the

identified compounds. (c) Representative validated FactorXIa inhibitors. Chemical structures, biochemical

𝐼𝐶50 values, physicochemical properties, and representative dose-response curves for two inhibitors.

The prospective virtual screening process is summarized in Figure S14. Factor XIa represents a

challenging target for structure-based virtual screening because its active site is a shallow, solvent-

exposed groove evolved to recognize an extended peptide substrate rather than a compact pocket,

offering little enclosed volume for high-affinity ligand binding beyond the single S1 subsite.

First, 89 PDB structures with unique ligands bound to the active site were selected and clustered
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based on the geometry of the binding pocket. We found significant flexibility in the binding pocket

outside the S1 cavity. However, we were able to select 4 representative structures with PDB ID

4NA7 (97), 4X6P (98), 7V17 (99) and 8BO7 (100) that captured the different pocket conformations

well. When all 89 ligands were docked to these 4 selected structures in ensemble docking mode

only 6 displayed RMSD larger than 2 Å. Thus, we adopted these structures for virtual screening.

From the resulting screen, 300,000 compounds were initially selected. The compounds then

were filtered by their physico-chemical properties such as MW, LogS, LogP, TPSA, HBA, HBD,

Fsp3, number of chiral centers and number of rotational bonds to ensure optimal starting properties

for optimization and clustered to arrive at about 3000 compounds of interest. After removing

compounds with poor molecular dynamics stability (MD RMSD > 5.0 Å) and high strain energy

(> 25 kcal/mol) and manual curation 360 compounds were ordered, out of which 299 were

successfully synthesised and sent for experimental testing. The kinetic fluorescence assay (see

Methods) identified 13 novel hits (with max ECFP4 Tanimoto smaller than 0.22), 7 of which

showing 𝐼𝐶50 below 100𝜇𝑀 with > 30% Max Inhibition.

Factor XIa functional activity assay

Factor XIa enzymatic activity was measured using a kinetic fluorescence assay based on cleavage

of the fluorogenic peptide substrate IEGR-AMC. Human Factor XIa was obtained from Enzyme Re-

search Laboratories (HFXIa 1111a), and IEGR-AMC was obtained from Bachem/MCE (4004961).

Assays were performed in Greiner 384-well black small-volume non-binding plates (Greiner Bio-

One, 784900) in assay buffer containing 50 mM Tris, pH 7.5, 250 mM NaCl, 1 mM EDTA and

0.005% Tween-20.

Reactions contained 1 nM Factor XIa and 350𝜇𝑀 IEGR-AMC, with compound and substrate

stocks prepared in DMSO. Compounds were initially screened in a two-dose format at 1 mM and

100𝜇𝑀 . Selected active compounds were subsequently profiled in a 9-point concentration-response

format using three-fold serial dilutions. Milvexian, asundexian, frunexian and FD-IN-1 were used

as Factor XIa inhibitor controls.

Substrate cleavage was monitored immediately after reaction initiation in kinetic mode over 2

h using excitation/emission wavelengths of 350 nm/445 nm. Fluorescence was measured every 5

min, and the slope of fluorescence increase over the linear range was used as a proxy of Factor

XIa activity. Percent inhibition was calculated relative to positive- and negative-control wells, and
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𝐼𝐶50 values for confirmed hits were determined by fitting concentration-response data with a four-

parameter variable-slope nonlinear regression model. Compounds were considered positive hits if

𝐼𝐶50 was < 500𝜇𝑀 and Max Inhibition > 30%.

9.2.5 IL-17A

Figure S15: IL17A experimental validation results. (a) Prospective virtual screening workflow. Approx-

imately 80 billion compounds from Enamine REAL Space were computationally screened and progressively

prioritized to 254 compounds for procurement, of which 194 were experimentally evaluated. The number of

compounds remaining after each filtering stage and the corresponding biochemical hit rates are shown. (b)

Characterization of validated hits. Top, single-concentration biochemical inhibition measured in a three-dose

format at 1 mM, 100 and 10 µM. Middle, molecular weight (MW) and topological polar surface area (TPSA)

distributions of validated hits. Bottom left, UMAP projection of ECFP4 fingerprints comparing validated hits

(orange) with previously reported IL-17A inhibitors (blue). Bottom right, distribution of ECFP4 Tanimoto

similarity between validated hits and the closest known IL-17A inhibitor, illustrating the chemical novelty of

the identified compounds. (c) Representative validated IL-17A inhibitors. Chemical structures, biochemical

𝐼𝐶50 and maximum inhibition rate at 1 mM, physicochemical properties, and representative dose-response

curves for two inhibitors.
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The prospective virtual screening process is summarized in Figure S15. IL-17A represents a

particularly challenging cytokine target for structure-based virtual screening because disruption

of the IL-17A:IL-17RA complex is achieved indirectly by targeting a highly flexible allosteric

pocket located at the IL-17A dimerization interface. Ligands binding to this site must induce or

stabilize functionally relevant conformational changes that impair receptor recognition and prevent

the formation of the IL-17A:IL-17RA complex.

To address the high conformational flexibility of the IL17A dimerization interface, an ensemble

docking approach was developed. This method used multiple crystal structures of the IL17A

homodimer, each representing different conformations of the dimerization interface, including the

A and B chains from 7AMA (101), 8USR (102), 9FKX (103), 9H4D (104), and 9H4O (104).

Before docking, all structures underwent loop modeling and pKa calculations to determine correct

amino acid protonation states. Docking was performed in both the central and distal cavities of the

dimerization interface to capture ligand-induced structural changes. To facilitate ligand recognition,

all known IL17A co-crystal structures and literature-reported inhibitors were structurally aligned

to identify conserved binding interactions.

Application of the virtual screening workflow generated approximately 65,500 virtual hits

(Figure S15). These compounds were then clustered and prioritized based on docking scores, a

proprietary machine learning-based aqueous solubility (LogS) prediction model, pharmacophore

compliance, ligand strain energy assessment, and molecular dynamics-based pose stability. Com-

pounds with poor molecular dynamics stability (MD RMSD > 3.5 Å) and high strain energy (> 25

kcal/mol) were excluded. Additionally, during post-processing, compounds were retained only if

they showed no PAINS alerts, acceptable predicted solubility (LogS ≥ −5.0), lipophilicity within

the predefined range (LogP or cLogP ≤ 7), and physicochemical properties, including 20-50 heavy

atoms, ≤ 15 rotatable bonds, ≤ 5 hydrogen bond donors, ≤ 10 hydrogen bond acceptors, TPSA

≤ 180 Å2, ≤ 4 chiral centers, and FractionCsp3 ≥ 0.1. Additional elemental composition filters

were applied to exclude compounds containing phosphorus, silicon, or iodine, while limiting the

numbers of bromine, chlorine, fluorine, and sulfur atoms to ≤ 1, ≤ 2, ≤ 6, and ≤ 2, respectively.

Following automated prioritization, 654 compounds were chosen for detailed manual inspection

by computational chemists. Binding modes, interaction networks, synthetic accessibility, scaffold

novelty, and overall medicinal chemistry attractiveness were evaluated. To maximize chemical
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diversity and avoid rediscovering known inhibitor classes, additional clustering and novelty analyses

were conducted. Scaffold diversity was measured using Bemis-Murcko scaffold clustering with

ECFP4 fingerprints and a Tanimoto similarity threshold of 0.5, while whole-molecule diversity

was evaluated with ECFP4 fingerprints and a Tanimoto similarity threshold of 0.4. All prioritized

compounds were then compared to the set of 135 curated IL17A inhibitors. Molecules with an

ECFP4 Tanimoto coefficient below 0.4 relative to all known IL17A inhibitors were identified as

putatively novel chemotypes and preferred for experimental testing. This multi-stage prioritization

strategy aimed to enhance predicted potency, structural diversity, and chemical novelty.

The combined computational and expert-driven triage process resulted in 254 compounds

selected for procurement, of which 194 were successfully acquired and tested experimentally.

As shown in Figure S15, biochemical screening identified 6 compounds with 𝐼𝐶50 values below

500𝜇𝑀 and more than 30% Max Inhibition of IL17A-IL17RA interaction, including 1 compound

with a biochemical 𝐼𝐶50 under 10𝜇𝑀 . Notably, most confirmed hits had low structural similarity

to previously reported IL17A inhibitors, indicating that the virtual screening effectively expanded

beyond the limited scaffold space in earlier IL17A studies.

IL-17A/IL-17RA functional binding assay

Inhibition of IL-17A binding to IL-17RA was measured using a time-resolved fluorescence res-

onance energy transfer (TR-FRET) assay. Binding of biotinylated IL-17A (R&D System, BT7955B)

His-tagged IL-17RA ECD (Sino Biological, 10895-H08H) generates a TR-FRET signal through

proximity of Streptavidin–Alexa Fluor 647 (ThermoFisher Scientific, S32357) and anti-His Eu-

W1024-labelled antibody. Test compounds reduced the TR-FRET signal by allosterically disrupting

formation of the IL-17A:IL-17RA complex.

Assays were performed in white 384-well NBS microplates in LANCE Detection Buffer con-

taining 5% v/v DMSO. Reactions contained 16 nM biotinylated IL-17A , 4 nM Streptavidin–Alexa

Fluor 647, 16 nM His-IL-17RA ECD and 1nM anti-His Eu-W1024-labelled antibody. For primary

screening, compounds were tested in a three-dose format at 1 mM, 100𝜇𝑀 and 10𝜇𝑀 . Selected

active compounds were subsequently profiled in a 15-point concentration-response format using

two-fold serial dilutions, with highest final compound concentration reaching 1 mM. LY3509754

(MedChemExpress, HY-139206) was used as a positive-control IL17A inhibitor.

Plates were incubated overnight at room temperature before TR-FRET readout. Compound

S86

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted August 3, 2026. ; https://doi.org/10.64898/2026.08.03.742480doi: bioRxiv preprint 

https://doi.org/10.64898/2026.08.03.742480


activity was calculated from the reduction in TR-FRET signal relative to DMSO and assay control

wells, and 𝐼𝐶50 values for confirmed hits were determined by fitting concentration-response data

with a four-parameter variable-slope nonlinear regression model. Compounds were considered

positive hits if 𝐼𝐶50 was < 500𝜇𝑀 and Max Inhibition > 30%.

9.2.6 Clustering of experimentally validated hits

Hit compounds were clustered manually by an experienced medicinal chemist following estab-

lished medicinal chemistry practices. Most compounds were assigned using a hybrid approach that

considered common synthetic routes, similarity of the core scaffold, and the orientation of exit

vectors. Representative examples of such clusters include carbohydrates, 1,3-diaminopyrimidine

derivatives, 1,2-disubstituted rigid-core scaffolds, compounds with flexible aliphatic core chains,

star-shaped scaffolds, and 1,2,3-triazole derivatives together with their corresponding isosteres.

In selected cases, functionally defined clusters were created based on shared chemical features

rather than scaffold similarity. For example, compounds containing functional groups expected to

coordinate or form ionic interactions with zinc ions were assigned to a dedicated metal-binding

cluster.

The chemical structures for the hit clusters across all target proteins are provided in Section 3.1.
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