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Section S1. Basic Information 

Table. S1 List of excluded R-groups 

Substituents SMARTS 

ketone (C=O), 

oxalic ester ((COO)2) 

[#8]=[#6](-[#6])-[#6,#0] 

nitro (NO2) [#7](=[#8])-[#8] 

ester (COOC) [#8]=[#6,#0]-[#8]-[#6,#0] 

N-oxide (NO),  

amino alcohol (NO), 

oxime (C=N-O) 

[#8&A]-[#7&A] and [#8]-[#7&a] 

thiourea (NC=SN) [#6](=[#16])(-[#7])-[#7] 

trithiocarbonate (S-C=S-S) [#6](=[#16])(-[#16])-[#16] 

thiocyanate (SCN) [#6](-[#16])#[#7] 

disulfide (S-S) [#16]-[#16] 

hydrazine (NN), 

hydrazine carboxyl (N-N-

C=O) 

[#7&A]-[#7&A] 

pyridinium ion [#7+]1:[#6]:[#6]:[#6]:[#6]:[#6]:1 

ammonium ion (N4+), 

isocyano (NC), 

imidazolium, 

azide (N=N=N) 

[#7+] 

thioamide (N=C-S) [#7]-[#6]=[#16] 
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acetal (OCO) [#8]-[#6]-[#8] 

sulfur monoxide (SO) [#16&D3]=[#8] 

thiosulfinate (SSO) [#16]~[#16]~[#8] 

guanidine (N-C=N-N) [#6](-[#7])(=[#7])-[#7] 

methane diamine (N-C-N) [#7]-[#6](-[#7]) not ([#7]-[#6](-[#7])=[#8]) 

aminal (N-C-O) [#8]-[#6]-[#7] 

alkyne (CC) [#6]#[#6] 

thiol (SH) [#16&H1] 

aldehyde (CO), 

formamide (N-C=O) 

[#6&H1]=[#8] 

 

thioether (C-S-C) [#16&D2](-[#6])-[#6] and [#16&D2](-[#6])-[#0]  

imidate (C=N-O) [#6](=[#7])-[#8] 

fluoro sulfone (SO2F) [#16](=[#8])(=[#8])-[#9] 

tetrahydro pyridine [#7]1-[#6]-[#6]-[#6]-[#6]-[#6]=1 

diphosphate (P-O-P) [#15]-[#8]-[#15] 

sulfonium (S+) [#16+] 

methylene bisphosphine (P-

C-P) 

[#15]-[#6]-[#15] 

quinone [#6]1:[#6]:[#6](:[#6]:[#6]:[#6]:1-[#8])-[#8] 

o-fluoro pyridine [#7]1:[#6](:[#6]:[#6]:[#6]:[#6]:1)-[#9] 

 not ([#7]1:[#6](:[#6]:[#6](:[#6]:[#6]:1)-[#9])=[#8] 

 and [#7]1(:[#6]:[#6]:[#6](:[#6]:[#6]:1)-[#9]):[#6,#7]) 

p-fluoro pyridine [#6]1:[#6]:[#6](-[#9]):[#6]:[#6]:[#7]:1 

not ([#6]1:[#6]:[#6](-[#9]):[#6]:[#6]:[#7]:1:[*]) 
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isothiocyanate (N=C=S) [#7]=[#6]=[#16] 

heteroAr(N)-N 

thiophosphine (PS) 

[#7&a]-[#7] 

[#15]~[#16] 

tBoc (NCOOtBu) [#7]-[#6](=[#8])-[#8]-[#6](-[#6])(-[#6])-[#6] 

epoxy (-C-O-C-) [#6]1-[#8]-[#6]-1 

tosyl (tol-SO2O), 

mesyl (Me-SO2O), 

sulfonic acid (SO2H) 

[#8]-[#16](=[#8])(=[#8])-[#6] and [#16](-[#8])(=[#8])=[#8] 

diazene (N=N), 

diazonium (NN) 

[#7]=[#7] 

nitroso (N=O) [#7]=[#8] 

thionitroso (N=S) [#7]=[#16] not ([#7]=[#16]=[#8]) 

aziridine (-C-N-C-) [#6]1-[#7]-[#6]-1 

methylene sulfinyl (C=S) [#6]=[#16] 

peroxide (O-O) [#8]-[#8] 

phosphate (OPO(OEt)2) [#8]-[#15](-[#8]-[#6])(=[#8])-[#8]-[#6] 

alkene [#6]=[#6]  

not ([#7,#6,#8]1-[#6]-[#6]-[#6]=[#6]-[#6]-1  

(not ([#6]=[#6]-[#6]=[#6] and [#6]=[#6]-[#6]-[#6]-[#6]=[#6] 

 and [#6](-[#6]=[#6])=[#8])) 

amidine [#7]=[#6]-[#7] 

imine [#7](=[#6])-[#0]  

and [#6](=[#7])-[#0] 

and [#6&A]=[#7]  
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and [#6]=[#7] 

cyanamide (N-CN) [#7]-[#6]#[#7] 

fluoro phosphine (PF) [#15]-[#9] 

phosphine monooxide (PO) [#15]=[#8] not ([#15](=[#8])~[#8]) 

ethyl biphosphine (PCCP) [#15]-[#6]-[#6]-[#15] 

trifluoro sulfone (SO2CF3) [#16](=[#8])(=[#8])-[#6](-[#9])(-[#9])-[#9] 

fluoro triazine [#6]1(:[#7]:[#6]:[#7]:[#6]:[#7]:1)-[#9] 

sugar [#8]1-[#6]-[#6](-[#6](-[#6](-[#6]-1)-[#8])-[#8])-[#8] 

and [#6]1-[#8]-[#6](-[#6]-[#6]-1-[#8])-[#6]-[#8] 

and [#6]1-[#8]-[#6](-[#6](-[#6]-1)-[#8])-[#6&D2]-[#8] 

and [#6]1-[#6]-[#6](-[#6](-[#6]-1)-[#8])-[#6&D2]-[#8] 

and [#6]1(-[#6]-[#6]-[#6](-[#6]-1-[#8])-[#8])-[#8] 

and [#8]1-[#6]-[#6]-[#6](-[#6](-[#6]-1-[#6&D2]-[#8])-[#8])-

[#8] 

and [#8]1-[#6]-[#6](-[#6]-[#6](-[#6]-1-[#6&D2]-[#8])-[#8])-

[#8] 

and [#8]1-[#6]-[#6](-[#6](-[#6]-[#6]-1-[#6&D2]-[#8])-[#8])-

[#8] 

and [#6]1-[#6]-[#6](-[#6](-[#6](-[#6]-1-[#6&D2]-[#8])-[#8])-

[#8])-[#8] 

amino thio ether(NS) [#16&D2]-[#7] 

imino sugar [#6]1-[#7]-[#6](-[#6](-[#6]-1-[#8])-[#8])-[#6&D2]-[#8] 

and [#7]1-[#6]-[#6]-[#6](-[#6](-[#6]-1-[#6&D2]-[#8])-[#8])-

[#8] 
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and [#7]1-[#6]-[#6](-[#6](-[#6](-[#6]-1)-[#8])-[#8])-[#8] 

benzne-NO [#6]1:[#6]2:[#6](:[#6]:[#6]:[#6]:1):[#8]:[#7]:2 

benzene-cyclobutene [#6]1:[#6]2:[#6](:[#6]:[#6]:[#6]:1)-[#6]-[#6]-2 

ring open sugar [#6](-[#8])-[#6](-[#6](-[#8])-[#6](-[#6]-[#8])-[#8])-[#8] 

cyclobutene dione [#6]1(:[#6](:[#6]:[#6]:1)=[#8])=[#8] 

pyridine cyclopropane [#6]1:[#6]2:[#6](:[#6]:[#7]:[#6]:1)-[#6]-2 
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Fig. S1 Structural alignment of reported human PDE9A crystal structures. All available human 

PDE9A crystal structures (PDB IDs: 2HD1, 2YY2, 3DY8, 3DYL, 3DYN, 3DYQ, 3DYS, 3JSI, 

3JSW, 3K3E, 3K3H, 3N3Z, 3QI3, 3QI4, 4E90, 4G2J, 4G2L, 4GH6, 4Y86, 4Y87, 4Y8C, 6A3N, 

6LZZ, 7F0I, and 8BPY) were superimposed on chain A of 3JSW based on backbone atoms. 

(a) The overall backbone RMSD among all structures was 0.49 Å with a standard deviation of 0.16 

Å. (b) Representative residues within the active site are shown. Tyr424 adopts an alternative 

conformation in three structures (4Y86 chain A, 4Y8C chain A, and 4Y8C chain B), and Ala452 

exhibits poor overlap across structures. (c) Comparison between 3JSW and 4Y86. The Ala452 Cβ–

Leu420 Cβ distance was 8.87 Å (ranked 41st among 50 chains) in 3JSW and 6.92 Å (ranked 3rd 

among 50 chains) in 4Y86. These two receptors represent one of the pairs showing the largest 

difference in H-pocket geometry among all PDE9A structures. 
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Section S2. Comparison of unconstrained and constrained docking 

 When performing unconstrained docking using two receptor structures, 3JSW and 4Y86, we 

observed that for some compounds, the docking poses differed substantially between the two 

receptor structures (Fig. S2). Particularly, some poses in both receptor structures failed to maintain 

the complementary hydrogen-bond interaction between Gln453 and the 3-cyanopyridone core, which 

is likely critical for the functional activity of PDE9A. In contrast, when core-constrained docking 

was performed, as described in the main text, comparable binding poses were obtained for both 

receptors, with the key Gln453–core hydrogen bond reliably maintained (Fig. S3). To minimize pose 

sensitivity to receptor conformation, we employed the core-constrained docking procedure to ensure 

preservation of this key interaction during H2L optimization. 
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Fig. S2 Docking poses of literature-reported compounds obtained using the PDE9A receptor 

structures 3JSW and 4Y86 without applying core constraints. The protein backbones were aligned, 

and RMSD values between the corresponding ligand poses were calculated. For docking into 3JSW, 

Compound 8 failed to maintain the complementary hydrogen-bond interaction between Gln453 and 

the 3-cyanopyridone core. Similarly, for docking into 4Y86, Compounds 32, 33, and 35 did not 

maintain this key interaction. 
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Fig. S3 Docking poses of literature-reported compounds obtained using the PDE9A receptor 

structures 3JSW and 4Y86 with the core constraint. The protein backbones were aligned, and RMSD 

values between the corresponding ligand poses were calculated. 
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Fig. S4 Thermodynamic cycle used for the calculation of relative binding free energy (RBFE). The 

horizontal legs represent alchemical transformations between ligands in the bound (complex) and 

unbound (solvent) states, while the vertical legs correspond to physical binding processes. The RBFE 

(ΔΔG) was obtained by computing the free energy difference between the two horizontal 

transformations. 
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Supplementary Methods 

Supplementary Method 1. FEP+ Calculations 

Free Energy Perturbation (FEP) calculations were performed using the Schrödinger modeling 

suite (version 2024-3) [1] with the OPLS4 force field [2]. The replica exchange with solute 

tempering (REST) region was applied only to the heavy atoms of the ligand. Any missing force field 

parameters were derived using the Force Field Builder [3] by fitting to quantum mechanical (QM) 

calculations. Each FEP calculation employed 12 λ windows with 5 ns of production simulation per 

window, using default settings [4]. All calculations were repeated three times with different random 

seeds. Error bars in the figures represent the standard error of the ΔΔG values across the three runs. 

 

Supplementary Method 2. OpenFreeEnergy (OpenFE) Calculations 

Free Energy Perturbation (FEP) calculations were performed using OpenFreeEnergy (OpenFE) 

version 1.0.1 (https://github.com/OpenFreeEnergy/openfe). Ligands were parameterized with the 

Open Force Field 2.1.1 (“Sage”) [5], and partial charges were assigned using the AM1-BCC method 

[6] The protein was parameterized using the Amber14SB force field.[7] Systems were solvated in 

explicit TIP3P water[8] and neutralized with counterions. Each FEP calculation used 11 λ windows 

with 5 ns of production simulation per window, using default settings. All calculations were repeated 

three times with different random seeds. Error bars in the figures represent the standard error of the 

ΔΔG values across the three runs. 
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Fig. S5 FEP+ and OpenFreeEnergy (OpenFE) calculations were conducted using literature 

compounds for the H pocket. Compound 1 served as the reference in the star map. A perturbation 

map for cycle closure was generated using FEP+. Statistical evaluation was based on R² and RMSE 

values. Vertical error bars indicate the standard deviations of NES results, while the 95% confidence 

intervals for R² and RMSE were estimated by bootstrap resampling (n = 1000). 
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Fig. S6 NES calculations for the H pocket using literature compounds with 4Y86 structure. 

Compound 1 was used as the reference in the star map. The cycle-closure map was generated using 

FEP+, and accuracy was evaluated using R² and RMSE. The gray bands represent ± 0.5 and ± 1 

kcal/mol from the ideal. Vertical error bars indicate the standard deviations of NES results, while the 

95% confidence intervals for R² and RMSE were estimated by bootstrap resampling (n = 1000). 
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Fig. S7 To evaluate the sensitivity of NES calculations to docking poses for 3JSW, the five top-

ranked docking poses were used for each of six compounds (4–9), with compound 1 serving as the 

reference. Dashed lines indicate the ±1 kcal/mol range from the experimental ΔΔG values, and 

vertical error bars represent the standard deviations of NES results. 
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Supplementary Method 3. Prediction of Tautomer Preferences 

Tautomer preferences were predicted using the Jaguar QM Conformer and Tautomer Prediction 

tool (Schrödinger Suite 2024-3)[9] with default settings. For each compound, five poses were 

generated, and the lowest-energy tautomer was set as the reference (0 kcal/mol). Final relative 

energies (kcal/mol) were calculated relative to this reference. Compounds for which no tautomer 

could be generated were marked with “–”. The Epik[10] state penalty was the value assigned to the 

generated tautomer in LigPrep. 
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Fig. S8 Prediction of Tautomer Preference. Compounds 18–23 were found to favor Tautomer 2 

based on the results of the Jaguar calculations. Additionally, these compounds exhibited only a small 

difference in Epik State Penalty between the two tautomers. 

  



 18 

 

Fig. S9 FEP+ and OpenFreeEnergy (OpenFE) calculations were conducted using compounds from 

the literature for the M pocket. The perturbation map for the cycle closure was generated using 

FEP+. Two validation sets were examined: one that included all compounds and another that 

excluded Compounds 18–23. Statistical evaluation was based on R² and RMSE values. Vertical error 

bars indicate the standard deviations of NES results, while the 95% confidence intervals for R² and 

RMSE were estimated by bootstrap resampling (n = 1000).  
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Fig. S10 Workflow of step 1 for selecting candidate substituents for the H pocket based on docking. 

A total of 1,792 substituents were selected. 
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Fig. S11 NES calculations with full cycle closure were performed on representative compounds of 

each core, using Core 1 with hydrogen for the H pocket as the reference (ΔΔG = 0). 
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Section S3. In Silico Prediction of Glucuronidation Liability 

Glucuronidation is a major Phase II metabolic pathway catalyzed by uridine 5′-diphospho-

glucuronosyltransferases (UGTs), which are primarily expressed in the liver, kidneys, and intestines. 

UGT enzymes conjugate glucuronic acid to nucleophilic functional groups, thereby increasing 

compound polarity and facilitating excretion. Among the UGT family, the UGT1 and UGT2 

subfamilies, encompassing 22 known isoforms, are most relevant to drug metabolism. While 

glucuronidation generally facilitates drug clearance, acyl glucuronides derived from carboxylic acids 

can be reactive and potentially toxic, presenting a notable risk in drug development [11]. In the 

present study, the incorporation of a piperidine moiety into the M pocket was previously reported to 

reduce glucuronidation liability. 

Several in-silico approaches for predicting glucuronidation potential have been reported [12, 

13], and tools such as ADMET Predictor allow for the estimation of a compound’s likelihood of 

serving as a substrate for major UGT isoforms. In this study, we employed ADMET Predictor 

version 11.0 (Simulations Plus, Inc.) to assess the glucuronidation liability of compounds across nine 

UGT isoforms. Among four compounds reported by Bayer, for which experimental metabolism data 

were available, only compound 27 was found to undergo primarily oxidative metabolism in rat 

hepatocytes, suggesting minimal glucuronidation. The prediction results for the four compounds 

are shown in Fig. S12a. Additionally, all 1,355 compounds evaluated by NES in the M-pocket 

optimization campaign were subjected to the same prediction. The results showed a broad 

distribution in predicted UGT liability (Fig. S12b), but no clear threshold could be defined based on 

literature or known compounds. These findings illustrate the difficulty of reliably assessing 

glucuronidation risk at the H2L stage using in-silico tools alone. While such predictions offer 
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valuable early-stage insights, robust evaluation of glucuronidation liability ultimately requires 

experimental validation. 

 

 

Fig. S12 In-silico prediction of glucuronidation liability. Binary classification was used to predict 

whether each compound acts as a substrate for nine UGT isoforms. (a) Predictions were performed 

for compounds with reported metabolites in rat hepatocytes. Compound 27 has been reported to 

undergo oxidative metabolism instead of glucuronidation. (b) Predictions were also performed on 

1,355 compounds subjected to NES calculations. The histogram shows the number of UGT isoforms 

predicted to metabolize each compound. 
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Fig. S13 Visualization of H-pocket Substituent Space using Predicted Affinity and ADME Profiles. 

(a) Scatter plot of predicted solubility versus binding affinity (ΔΔG). (b) Scatter plot of MPO score 

versus binding affinity (ΔΔG). Each plot represents the results of H-pocket optimization using a 

diverse set of substituents. Dashed circles indicate regions where a favorable balance between 

binding affinity and either solubility (a) or MPO score (b) is achieved. Representative substituents 

within these favorable regions are highlighted with chemical structures. 
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