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Figure S1. Mean silhouette coefficient for Approved Drugs based on k-medoids
algorithm.
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Figure S2. Mean silhouette coefficient for Cluster 1 based on k-medoids
algorithm.
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Figure S3. Mean silhouette coefficient for Cluster 2 based on k-medoids
algorithm.
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Figure S4. Mean silhouette coefficient for Cluster 3 based on k-medoids
algorithm.
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Figure S5. Superposition of chemical space of clinical candidates and approved
drugs. Clinical candidates are colored in black and approved drugs are colored

based on sub-clusters of Cluster 1, 2 and 3.



import pandas as pd

from rdkit import Chem

from rdkit.Chem.MolStandardize import rdMolStandardize
from tgdm.auto import tqdm

# Function to standardize a molecule from its SMILES string
def standardize(smiles):
try:
mol = Chem.MolFromSmiles(smiles)
if molis None:
raise ValueError(f"Invalid SMILES string: {smiles}")

# Clean up the molecule (removeHs, disconnect metal atoms, normalize, reionize)
clean_mol = rdMolStandardize.Cleanup(mol)

# Uncharge the molecule
uncharger = rdMolStandardize.Uncharger()
uncharged_parent_clean_mol = uncharger.uncharge(clean_mol)

# Canonicalize tautomers
te = rdMolStandardize.TautomerEnumerator()
taut_uncharged_parent_clean_mol = te.Canonicalize(uncharged_parent_clean_mol)

return Chem.MolToSmiles(taut_uncharged_parent_clean_mol)
except Exception as e:

print(f"Error processing molecule {smiles}: {e}")

return None

# Read or create the DataFrame
input_table_1 = pd.DataFrame(input_table_1)

# Apply the standardize function to each SMILES string in the DataFrame
tgdm.pandas() # Progress bar for the apply function
input_table_1['standardized_smiles'] = input_table_1['smiles'].progress_apply(standardize)

# Fill missing values in 'standardized_smiles' with values from 'smiles'
input_table_1['standardized_smiles'] = input_table_1['standardized_smiles'].replace('?',
pd.NA).fillna(input_table_1['smiles'])

# Display the resulting DataFrame
print(input_table_1)

Figure S6. Python script for smiles standardizing, based on
working_with_ ChEMBL_drug_data.ipynb script available on
https://github.com/PatWalters/practical_cheminformatics_tutorials/blob/main/
misc/working_with_ ChEMBL_drug_data.ipynb.



