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•  Overview of chemical annotations in SureChEMBL 

•  Biological annotations for Open PHACTS 

•  Relevance scoring 
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•  Use cases and examples 
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3. Insight, tools and resources for translational drug discovery 

2. Organization, integration, curation and standardization of pharmacology data 

1. Scientific facts 

Ki = 4.5nM 

APTT = 11 min. 

ChEMBL: Data for drug discovery 



What do people do with ChEMBL? 

•  Chemical space clustering & visualisation 

•  (Q)SAR analysis and Virtual Screening 

•  Data modeling, activity cliffs, Free-Wilson, MMP analysis 

•  Bioisosteric replacements mining 

•  De novo drug design 

•  In silico evolutionary compound optimisation 

•  Target prediction (target fishing) 

•  Off-target prediction and ADR analysis 

•  Polypharmacology networks 

•  Druggability / Drug-likeness 

•  Text mining 

•  Third-party application integration 



Why looking at patent documents? 

•  Patent filing and searching 

•  Legal, financial and commercial incentives & interests 

•  Prior art, novelty, freedom to operate searches 

•  Competitive intelligence 

•  Unprecedented wealth of knowledge 

•  Most of the knowledge will never be disclosed anywhere else 

•  Compounds, scaffolds, reactions, formulations 

•  Biological targets, sequences, diseases, indications 

•  Average lag of 2-4 years between patent document and journal 
publication disclosure for chemistry, 4-5 for biological targets 

Rodriguez-Esteban & Bundschus. Text Mining Patents for Biomedical Knowledge. Drug Discovery Today 2016. 



From SureChem to SureChEMBL 

•  2007: SureChem is founded 

•  2010: Acquired by Macmillan 

•  2012: Revamped commercial product: SureChemDirect 

•  Modular, cloud-based architecture 

•  Dec 2013: Donated to EMBL-EBI 

•  Sept 2014: SureChEMBL UI is launched 

•  Jan 2015: Data client and map file dumps 

•  April 2015: Bio-annotations are added 

•  May 2016: SureChEMBL data available via Open PHACTS API 



SureChEMBL data processing 
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http://chembl.blogspot.co.uk/2015/10/advanced-keyword-and-structure-searches.html 



https://www.surechembl.org/document/US-9359381-B2 



https://www.surechembl.org/document/US-9359381-B2 



On-the-fly bio-annotation with mapping to DB IDs and ontologies 

https://www.surechembl.org/document/US-9359381-B2 



https://www.surechembl.org/document/US-9359381-B2 



https://www.surechembl.org/document/US-9359381-B2 



SureChEMBL Data Content and Growth 

•  > 18M unique structures 

•  ~13M are in a drug-like phys-chem space 

•  > 15M chemically annotated patents  

•  ~5M are life-science relevant (based on patent codes) 

•  ~80,000 novel compounds extracted from ~50,000 new 
patents monthly 

•  1–7 days for a published patent to be chemically annotated, 
indexed and searchable in SureChEMBL 

•  SureChEMBL provides search access to all patents (not just 
chemically annotated ones) ~120M patents 



•  Connectivity match on single components - UniChem 

ChEMBL-SureChEMBL overlap 

21.4% 
SureChEMBL 

ChEMBL 

1.5M 
17M 



Too granular? Try scaffolds instead 



Level 1 scaffold overlap 

57% 
SureChEMBL ChEMBL 

61K 
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Can we have everything? 

Cost 

Time Quality 



Common sources of errors 

•  Small, poor quality images  

•  OCR errors in names (OCR done by IFI). There is an OCR correction 
step, but cannot fix all errors 

  
 

Becomes: ‘2,6-Difluoro-Λ/-{1 -r(4-iodo-2-methylphenyl)methvn-1 H-
pyrazol-3- vDbenzamide’ 

•  Reliability better for US patents due to inclusion of mol files 



h\ps://www.surechembl.org/document/US-20150183799-A1	Table	2	
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What about testing? 

•  Rigorous testing hampered by lack of good test sets 

•  Akhondi corpus* annotates compounds, genes and diseases  

•  à But not normalised to identifiers 

•  à Does not convert to compound structures 

•  à Identifies all entities, not relevant entities 

•  BioCreative competition corpus covers only abstracts (21K) 

•  Comparison with ‘gold standard’/’ground truth’ data sets 

•  SciFinder for compounds / Other sets for relevance 

•  GVK BIO and BindingDB for targets 

•  BUT not necessarily comprehensive, so can’t assess precision 

 * Akhondi et al (2014)  
http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0107477 



Comparison of compound coverage 

•  Comparison of compounds with SciFinder 

•  Set of 47 patents from Akhondi* corpus 

•  SciFinder compounds for these extracted 

•  65% of SciFinder compounds were found by SureChEMBL 

•  ‘Missed’ compounds included some cases that were out of scope 
for SureChEMBL pipeline (e.g., Markush, tables) 

* Akhondi et al (2014)  
http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0107477 



Accessing SureChEMBL data 
Web Interface 

Data client feed 
Local compound-patent db schema 
Daily updates  

Compound-patent map file 
Quarterly updates 

UniChem 
Weekly updates 
Access to 135M structures 

http://chembl.blogspot.co.uk/2015/08/accessing-surechembl-data-in-bulk.html 



Identify key compounds in patent docs 

•  What are key compounds in med. chem. patents? 

•  ‘Best’, most promising/important compound 

•  Drug candidate 

•  Optimal property profile 

•  Most active 

•  Automated identification of key compounds in patents 

•  Using compound information only 

•  Main assumption: busy chemical space around key compounds 

•  Number of NNs, MCS extraction and R-group frequency 

Hattori, K., Wakabayashi, H., & Tamaki, K. (2008). JCIM, 48(1), 135–142. doi:10.1021/ci7002686 
Tyrchan, C., Boström, J., Giordanetto, F., Winter, J., & Muresan, S. (2012). JCIM, 52(6), 1480–1489. 
doi:10.1021/ci3001293 



Workflow 

1.  Read a file with chemistry extracted from the Levitra family of patents 

•  US65663601 

2.  Filter by different text-mining and chemoinformatics properties to 
remove noise and enrich the genuinely novel structures 

3.  Visualise the chemical space using MDS and dimensionality reduction 

•  Identify and fix outliers in the chemistry space. 

4.  Find the Murcko and MCS scaffolds 

5.  Compare the derived MCS core with the actual Markush structure 

6.  Identify key compounds using structural information only 

•  Count number of NNs per compound 

•  R-Group decomposition and frequency of R-Groups 

 1Sayle, R. et al. (2012). JCIM, 52(1), 51–62. doi:10.1021/ci200463r 



Scaffold and chemical space analysis 

h\p://nbviewer.ipython.org/github/rdkit/UGM_2014/blob/master/Notebooks/Vardenafil.ipynb	



Bio-annotations and Open PHACTS 



SureChEMBL bio-annotation 

•  SciBite’s Termite text-mining engine run on 4M life-science patents 
from SureChEMBL corpus 

•  Genes (identified by HGNC symbols, e.g. FDFT1) and diseases 
(identified by MeSH IDs, e.g. D009765) annotated  

•  Section/frequency information annotated (e.g., in title, abstract, 
claims, total frequency) 

•  Relevance score (0-3) to flag important chemical and biological 
entities and remove noise 



Relevance scoring 

•  Patents designed to obfuscate – not all entities are equal 

Over 50 proteins mentioned! 
SRC proto-oncogene, non-receptor tyrosine kinase  ;  aurora kinase A  ;  insulin  ;  microtubule-associated protein tau  ;  catenin (cadherin-
associated protein), beta 1, 88kDa  ;  interleukin 1, alpha  ;  c-src tyrosine kinase  ;  phosducin-like 2  ;  colony stimulating factor 2 (granulocyte-
macrophage)  ;  tumor necrosis factor  ;  glycogen synthase kinase 3 beta  ;  amyloid beta (A4) precursor protein  ;  asparaginase  ;  interferon, 
beta 1, fibroblast  ;  jun proto-oncogene  ;  coagulation factor II (thrombin)  ;  acetylcholinesterase  ;  FGR proto-oncogene, Src family tyrosine 
kinase  ;  BLK proto-oncogene, Src family tyrosine kinase  ;  angiotensin I converting enzyme  ;  albumin  ;  axin 1  ;  heat shock transcription 
factor 1  ;  v-myb avian myeloblastosis viral oncogene homolog  ;  NADH dehydrogenase, subunit 1 (complex I)  ;  LYN proto-oncogene, Src 
family tyrosine kinase  ;  LCK proto-oncogene, Src family tyrosine kinase  ;  CCAAT/enhancer binding protein (C/EBP), alpha  ;  HCK proto-
oncogene, Src family tyrosine kinase  ;  ATP citrate lyase  ;  Glycogen synthase kinase 3  ;  beta-catenin  ;  interferon  ;  tnf superfamily  ;  lactate 
dehydrogenase  ;  neurotrophic factor  ;  pyruvate kinase  ;  fibroblast growth factor  ;  glycogen synthase  ;  tumor necrosis factor alpha  ;  serine 
threonine kinase  ;  tau protein  ;  interleukin  ;  albumin  ;  thrombin  ;  eif2b  ;  ion channel  ;  cytokine  ;  heat shock factor  ;  axin  ;  cAMP 
Response element binding protein  ;  amyloid beta  ;  Microtubule Interacting Protein  ;  c-Jun N-terminal kinases  ;  src homology  ;  calcium 
channel  ;  atpase  ;  acetylcholinesterase 

Some more interesting than others… 
The method of claim 27, wherein the method comprises inhibiting Aurora-2, GSK-3, or Src activity 

Slide by Lee Harland 



Same for compounds!  

Real scope of patent  



Same for compounds!  

Tens of drugs trivially mentioned 

Real scope of patent  



Same for compounds!  

Substituents 

Tens of drugs trivially mentioned 

Real scope of patent  



Relevance scoring – genes/diseases 

•  Various features used: 

•  Term frequency 

•  Position (title, abstract, figure, caption, table) 

•  Frequency distribution 

•  Scores range from 0 – 3 

•  3 – most important entities in the patent 

•  2 – important entities in the patent 

•  1 – mentioned entities in the patent 

•  0 – ambiguous entity/likely annotation error 



Relevance scoring - compounds 

•  Main assumptions for relevance: 

1.  Very frequent compounds are usually irrelevant 

2.  Compounds with busy chemical space around them are interesting 

•  Use distribution of close analogues (NNs) among compounds found in the same 
patent family – FCFP_4 similarity 

•  Scores range from 0 – 3 

•  3 – highest number of NNs: most important entities in the patent 

•  2 – important entities in the patent 

•  1 – few NNs: mentioned entities in the patent 

•  0 – singletons or trivial entities, most likely errors or reagents, solvents, 
substituents 

Hatori, K., Wakabayashi, H., & Tamaki, K. (2008). JCIM, 48(1), 135–142. doi:10.1021/ci7002686 
Tyrchan, C., Boström, J., Giordaneto, F., Winter, J., & Muresan, S. (2012). JCIM, 52(6), 1480–1489. 
doi:10.1021/ci3001293 



Open PHACTS Sources 



Open PHACTS Architecture 

Drug Discovery Today 2012, 17:21 (doi:10.1016/j.drudis.2012.05.016) 



Open PHACTS Patent API 

https://dev.openphacts.org/docs/2.1 



Open PHACTS Patent API 
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Open PHACTS Patent API 
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Use case #1: Patent to Entities 

1.  From a patent get compounds, genes and diseases 

2.  Filter to remove noise 

•  Frequency and relevance score 

3.  Process and visualise 
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https://www.surechembl.org/document/US-7718693-B2/ 



https://www.surechembl.org/document/US-7718693-B2/ 

201 relevant structures: 

23 relevant targets and diseases: 



Does it make sense? 



Does it make sense? 

US-7718693-B2 



Does it make sense? 

•  Calculate MCS 



Does it make sense? 

•  Calculate MCS 

US-7718693-B2 



Use case #2: Drug targets & indications for compound    

1.  Search patents for a compound (approved drug) 

2.  Filter to remove noise 

•  Frequency, relevance score and classification code 

3.  For remaining patents, get disease and target entities 

4.  Filter to remove noise 

•  Frequency and relevance score 

5.  Visualise results 

Disease	

Compound	

Target	

Patent	



Eluxadoline (JNJ-27018966, VIBERZI) 

CHEMBL2159122 
SCHEMBL12971682  
FDA Approval: 2015 



1) Get patents for Eluxadoline 

•  UniChem call à SCHEMBL12971682  

•  Compound URI: 

•  http://rdf.ebi.ac.uk/resource/surechembl/molecule/SCHEMBL12971682 

•   API call: 

•  Relevance score >=1 à 17 patents (patentome): 



1) Get patents for Eluxadoline 

•  17 relevant patents (patentome): 



Results 

Relevant targets: 

Relevant diseases: 



Does it make sense? 

http://www.accessdata.fda.gov/drugsatfda_docs/label/2015/206940s000lbl.pdf 



Does it make sense? 

http://www.accessdata.fda.gov/drugsatfda_docs/label/2015/206940s000lbl.pdf 



New PARP inhibitors 



From target to scaffolds 

PARP1 

Niraparib, Phase 3 

Olaparib, FDA-approved 

Talazoparib, Phase 3 

WO-2008020180-A2 

US-20100035883-A1 

US-20080167345-A1 



Take home message 

•  It is now possible to search and interlink the key structures, 
scaffolds, targets and diseases from med. chem. patent 
corpus automatically  

•  By high-throughput text-mining only 

•  Thanks to simple heuristics (relevance scores and frequency) 

•  Using the Open PHACTS API 

•  For the first time in a free resource in such scale 
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What next: Other ideas and use cases 

•  Target validation / Druggability 

•  For a target, get me all related and relevant diseases 

•  Compare with DisGeNET / Open Targets, etc.  

•  Any known patented scaffolds for my target? 

•  Start a pharmacophore hypothesis for patent busting 

•  Find a tool compound for a new assay 

•  Novelty checking / Due diligence 

•  What do we know about this scaffold / compound? 

•  Add ChEMBL pharmacology and pathway information 



The Data Are Out There 



What’s cooking in ChEMBL22 



BindingDB patent set 

•  BindingDB manually extracts binding activities from tables 
in granted US med. chem. patents 

•  Coverage 2013-2016, currently ~1,100 patents 

•  On-going effort 

•  Includes exact and binned bioactivities 

•  Ki, IC50, Kd, EC50 activity types 

•  Compounds mapped to example no in patent tables 

•  Detailed assay description 

•  http://www.bindingdb.org/bind/ByPatent.jsp 



BindingDB patent bioactivity integration 

•  1,017 US patents (mapped to SureChEMBL IDs) 

•  68.6K compounds 

•  ~70 unique cmpds per patent 

•  Only 5% exist in ChEMBL (exact match) à complementary 

•  450 single protein targets 

•  ~10% not in ChEMBL, e.g. GPR4 in US-8748435-B2 

•  100,329 bioactivity values 

•  ~100 activities per patent 

•  Compounds and targets curated by ChEMBL 

•  Available in ChEMBL22 

http://www.bindingdb.org/bind/ByPatent.jsp 
 



Example: BI patent 
https://www.surechembl.org/document/US-9120769-B2/ 

174 activities in Table 2 

IC50=94nM against HSD11B1 (P28845)  

Manual example number dereference 



Conclusion: current patent data landscape 

•  ChEMBL 

•  Literature SAR data, drug annotations, manually curated 

•  Coming soon: bioactivities from patents 

•  SureChEMBL 

•  Chemical annotations automatically mined from patents 

•  Open PHACTS 

•  The above plus biological annotations automatically mined 
from patents, with relevance scoring 

•  Public API 
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