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Chemical	
  compound	
  space	
  

Pragma&c	
  approaches?	
  

(41 atoms) 



Molecular Docking for Ligand Discovery 

dock 

Test high-scoring 
molecules  



Web	
  
interface	
  for	
  
docking	
  
screens	
  



Review	
  calibra&on	
  data	
  



Review hits in Chimera… 



Does	
  docking	
  work?	
  	
  



Hermann JC, Marti-Arbona R, Fedorov AA, Fedorov E, Almo SC, Shoichet BK, 
Raushel FM. Structure-based activity prediction for an enzyme of unknown 

function. Nature 448,775-9 (2007). 
Use of DOCK to predict the substrate of an enzyme of previously unknown 

function.   

Protein Function Prediction 
by docking high energy intermediates 



tA 3 Rank by significance 

Z-score 

Fr
eq
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nc
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drug vs. tA 

drug vs. tB 

Statistical model 

1 For each drug, 

tA 

2 Compare it against target tx’s ligands 

… , 
tB 

Keiser	
  et	
  al.,	
  Nature	
  Biotech.	
  2007;	
  Keiser	
  et	
  al.,	
  Nature,	
  2009.	
  

Technology:	
  Similarity	
  Ensemble	
  Approach	
  (SEA)	
  



The	
  ZINC	
  Database	
  

20 million compounds 
   commercially available 
   structures calculated 
   multiple conformations 
   properties (charge, solv, etc…) 
   links to suppliers 

Free to the community 

Multiple subsets 
    8 M drug-like (Lipinski) 
    3 M lead-like (Oprea…) 
400 K fragment-like (Astex, …) 

Availlable in popular formats 
   SMILES, SDF, mol2, flexibase 

Irwin & Shoichet J.Chem.Inf.Model 2005 

http://zinc.docking.org 

Teague Sterling 









Title	
  



Library	
  bias	
  toward	
  GPCRs	
  

Carlsson et al., JMC 2010 

Target 

ZINC molecules 
similar to known 

ligands 

Docking screen 

Hit rate potency (nM) 
Adenosine 
receptors 4240 35% 200 

Adrenergic 
receptors 4146 24% 9 
Adenylyl 
Cyclases 565 4% 50,000 
AmpC β-
lactamase 545 2–5% 26,000 



Precariousness	
  of	
  the	
  enterprise	
  

•  Tide of artifacts: 
•  85 – 95% aggregators (biochemical assays) 
•  85 – 100% of what remains also bogus 

•  Role of library in success: 
•  Fragments & chemical space 
•  Library bias towards precedented targets 

•  106 compounds screened, >1060 possible 
•  Why does it ever work? 



Enumerating all of chemical space: the GDB  
Molecules composed of H, C, N, O, F; <12 atoms 

Fink & J-L. Reymond 
Angew 2005; JCIM 2007 

Bias may be measured relative to GDB 



1000-fold Bias towards biogenic molecules: 
Similarity of purchasable to biogenic molecules vs. GDB 

2.6x107 mols 
<12 atoms 

3x104 mols 
<12 atoms 

GDB & p-GDB 
vs. Metabolites 

GDB & p-GDB  
vs. Natural Products 

Hert et al., Nature Chem. Biol. 2009 



To	
  further	
  increase	
  bias,	
  fill	
  the	
  biogenic	
  holes	
  
(scaffolds	
  at	
  once	
  novel	
  and	
  precedented)	
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How	
  can	
  we	
  predict	
  (off-­‐target)	
  binding?	
  

•  We	
  relate	
  drugs	
  to	
  proteins	
  pharmacologically.	
  

–  We	
  represent	
  proteins	
  solely	
  by	
  their	
  ligands.	
  

–  This	
  works	
  even	
  when	
  the	
  protein	
  targets	
  are	
  unrelated	
  by	
  
biological	
  criteria.	
  

–  We	
  can	
  predict	
  new	
  targets	
  for	
  known	
  drugs.	
  

Keiser	
  MJ,	
  Setola	
  V,	
  et	
  al.	
  Predic&ng	
  new	
  molecular	
  targets	
  for	
  known	
  drugs.	
  Nature	
  462	
  
(7270),	
  175-­‐81	
  (2009).	
  

Keiser	
  MJ,	
  et	
  al.	
  Rela&ng	
  protein	
  pharmacology	
  by	
  ligand	
  chemistry.	
  Nat	
  Biotech	
  25	
  (2),	
  
197-­‐206	
  (2007).	
  



Core	
  idea:	
  Relate	
  proteins	
  by	
  their	
  ligands,	
  not	
  by	
  
sequence	
  or	
  structure	
  

•  Many	
  drugs	
  and	
  ligands	
  
act	
  through	
  dissimilar	
  
proteins.	
  

•  Methadone	
  
–  μ	
  opioid	
  receptor	
  (GPCR)	
  
–  NMDA	
  receptor	
  (Ion	
  Channel)	
  

•  Serotonin	
  and	
  serotonergics	
  
–  5-­‐HT1-­‐2,4-­‐7	
  receptors	
  (GPCR)	
  
–  5-­‐HT3	
  receptor	
  (Ion	
  Channel)	
  

•  Ligands	
  are	
  the	
  func&onal	
  link	
  between	
  drug	
  targets.	
  

G-­‐protein	
  coupled	
  
receptor	
  (GPCR)	
  

Ion	
  Channel	
  



Known	
  polypharmacology.	
  
Can	
  it	
  be	
  expanded?	
  

Drug	
  

Protein	
  target	
  

≤	
  1	
  uM	
  IC50	
  



tA 3 Rank by significance 

Z-score 

Fr
eq

ue
nc
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drug vs. tA 

drug vs. tB 

Statistical model 

1 For each drug, 

tA 

2 Compare it against target tx’s ligands 

… , 
tB 

Keiser	
  et	
  al.,	
  Nature	
  Biotech.	
  2007;	
  Keiser	
  et	
  al.,	
  Nature,	
  2009.	
  

Technology:	
  Similarity	
  Ensemble	
  Approach	
  (SEA)	
  



Where	
  do	
  we	
  get	
  the	
  ligands?	
  

•  From	
  compound	
  ac&vity	
  databases	
  

DHFR	
  

Database	
   Ligands	
   Targets	
   Data	
  points	
  
MDDR	
   201,761	
   631	
   391,406	
  

WOMBAT	
   254,679	
   2,100	
   760,605	
  
ChEMBL-­‐protein	
   222,177	
   3,153	
   600,165	
  
ChEMBL-­‐complete	
   578,715	
   7,493	
   2,787,240	
  



How	
  can	
  we	
  compare	
  two	
  ligand	
  sets?	
  

TC(a1,b1)	
  =	
  0.91	
  
TC(a1,b2)	
  =	
  0.34	
  
TC(a2,b1)	
  =	
  0.28	
  

TC(a2,b2)	
  =	
  0.31	
  
TC(a3,b1)	
  =	
  0.43	
  
TC(a3,b2)	
  =	
  0.39	
  

TC	
  =	
  Tanimoto	
  coefficient,	
  using	
  ECFP4	
  fingerprints	
  

Sa	
   Sb	
  

Similarity	
  distribu&on	
  for	
  Sa	
  vs.	
  Sb	
  



Distribu&ons:	
  Thymidylate	
  synthetase	
  

TS	
  

DHFR	
  

Thrombin	
  

“Raw	
  Score”	
  



Use	
  sta&s&cs	
  to	
  find	
  unlikely	
  similarity	
  

Product	
  of	
  set	
  sizes	
  

Random	
  raw	
  scores	
  

RS	
  Standard	
  deviaHons	
  

Ra
w
	
  s
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Extreme	
  Value	
  DistribuHon	
  (EVD)	
  

Z-­‐score	
  
Fr
eq

ue
nc
y	
  

Probability	
  of	
  any	
  given	
  set	
  comparison’s	
  
score	
  happening	
  by	
  random	
  chance	
  alone:	
  



First	
  experimental	
  tests	
  of	
  predic&ons:	
  
Methadone	
  as	
  an	
  an&muscarinic	
  

Keiser	
  et	
  al,	
  Nature	
  Biotech,	
  2007	
  

Activity E-value Max TC 
1 Antimuscarinic 4.45e-50 0.77 
2 Muscarinic M3 Antagonist 1.22e-11 0.67 
3 Opioid Agonist 1.84 0.61 
4 NMDA Receptor Antagonist 9.04 0.67 



First	
  experimental	
  tests:	
  Eme&ne	
  &	
  Imodium	
  	
  

Keiser	
  et	
  al,	
  Nature	
  Biotech,	
  2007	
  

AcHvity	
  Class	
   E-­‐Value	
  

1	
   Neurokinin	
  NK2	
  Antagonist	
   1.55e-­‐20	
  

2	
   Substance	
  P	
  Antagonist	
   2.12e-­‐15	
  

3	
   Neurokinin	
  NK3	
  Antagonist	
   2.63e-­‐14	
  

AcHvity	
  Class	
   E-­‐Value	
  

1	
   Adrenergic	
  (α2)	
  Blocker	
   4.34e-­‐118	
  

2	
   Dipep&dyl	
  Aminopep&dase	
  IV	
  Inhibitor	
   6.50e-­‐17	
  

3	
   Dopamine	
  (D1)	
  Antagonist	
   1.23e-­‐10	
  

Imodium	
  

EmeHne	
  

Eme&ne	
  
Ref.	
  antag.	
  

Imodium	
  
Ref.	
  antag.	
  



We’ve	
  
found	
  23+	
  
novel	
  	
  

off-­‐targets	
  
for	
  known	
  
drugs	
  

…of	
  20	
  assays,	
  
15	
  at	
  <	
  1	
  uM	
  
5	
  at	
  <	
  100	
  nM	
  ( ) 

Keiser,	
  et	
  al.	
  Nature	
  2009	
  



Screen	
  for	
  new	
  off-­‐targets:	
  Side	
  effects	
  

Target	
   E-­‐value	
   MaxTc	
  

1	
   Adrenergic	
  (β)	
  blocker	
   3.92e-­‐15	
   0.55	
  

2	
   5	
  HT1A	
  Antagonist	
   2.02e-­‐9	
   0.55	
  

3	
   Acetylcholinesterase	
  
Inhibitor	
  	
  

1.14e+1	
   0.41	
  

Keiser,	
  et	
  al.	
  Nature,	
  2009;	
  Thomas,	
  et	
  al.	
  Psychopharmacol	
  Bulle6n,	
  2010.	
  

Prozac	
  binds	
  β1	
  (4	
  uM)	
  

Paxil	
  binds	
  β1	
  (10	
  uM)	
  

Prozac’s	
  serum	
  plasma	
  levels:	
  0.3-­‐1.6	
  uM	
  
Target	
  consistent	
  with	
  SSRI	
  side	
  effects.	
  



New	
  targets	
  &	
  adverse	
  drug	
  reac&ons	
  

•  Mo&lium™	
  
–  Janssen	
  

Pharmaceu&cal	
  

•  Targets	
  
–  D1R,	
  D2R	
  

•  Uses	
  
–  S&mulates	
  lacta&on	
  

•  Off-­‐label,	
  and	
  frequent	
  
–  Suppresses	
  nausea	
  

and	
  vomi&ng	
  

Predicted	
  Target	
  	
   E-­‐value	
  	
  

1	
   Adrenergic	
  (α1)	
  Blocker	
  	
   3.28e-­‐13	
  

2	
   Dopamine	
  (D4)	
  Antagonist	
  	
   5.57e-­‐12	
  

3	
   μ	
  Agonist	
  	
   2.05e-­‐08	
  

•  2004	
  FDA	
  warning	
  leuer	
  
against	
  Mo&lium’s	
  import	
  due	
  to	
  
“adverse	
  cardiac	
  events”	
  

SEA	
  α1B:	
  	
  	
  	
  525	
  nM	
  
hERG:	
   	
  	
  	
  5,000	
  nM	
  +	
  

Keiser,	
  et	
  al.	
  Nature	
  2009	
  



Systema&c	
  screen:	
  Crossing	
  target	
  boundaries	
  

Rescriptor	
  
(HIV-­‐1	
  NNRTI)	
  

Vadilex	
  
(NMDA)	
  

RO-­‐25-­‐6981	
  
(NMDA)	
  

Xenazine	
  
(VMAT2)	
  

Enzyme	
  

GPCR	
  

Ion	
  channel	
  

Transporter	
  
α2	
  

H4	
  
μ	
  opioid	
  

SERT	
  D4	
  

NET	
  
κ	
  opioid	
  

E:	
  2.4x10-­‐7	
  

E:	
  10-­‐30	
  

E:	
  10-­‐13-­‐10-­‐5	
  



Systema&c	
  screen:	
  Crossing	
  target	
  boundaries	
  

Xenazine	
   α2	
  AR	
   	
   	
   	
  0.8	
  uM	
  

Rescriptor	
  

Vadilex	
  

H4	
  histamine	
  (GPCR) 	
  5.0	
  uM	
  

µ	
  opioid	
  (GPCR) 	
   	
  0.4	
  uM	
  	
  
5HTT	
  (transporter) 	
  0.1	
  uM	
  	
  
DDR4	
  (GPCR) 	
   	
  0.1	
  uM	
  	
  
NET	
  (transporter)	
   	
  1.3	
  uM	
  

Keiser,	
  et	
  al.	
  Nature	
  2009	
  



SEA	
  APPLIED	
  

I.  Demys&fying	
  mode	
  of	
  ac&on	
  

II.  New	
  drug	
  uses	
  

III.  Target	
  ID	
  in	
  phenotypic	
  screens	
  

IV.  Broad-­‐scale	
  ADR	
  predic&ons	
  



Systema&c	
  screen	
  for	
  new	
  targets:	
  MOA	
  

Target	
  	
   E-­‐value	
  	
  
5-­‐HT1B	
  	
   3.1e-­‐21	
  

5-­‐HT2A	
   1.2e-­‐13	
  

5-­‐HT5A	
   1.1e-­‐7	
  

5-­‐HT7	
   5.0e-­‐6	
  
DMT	
  

Keiser,	
  et	
  al.	
  Nature	
  2009	
  

5-­‐HT1B:	
  129	
  nM	
   5-­‐HT2A:	
  127	
  nM	
   5-­‐HT7A:	
  206	
  nM	
  

I	
  



DMT-­‐induced	
  hallucina&on	
  blocked	
  in	
  5HT2A	
  KO	
  

Supports	
  5-­‐HT2A	
  as	
  the	
  primary	
  target	
  for	
  DMT’s	
  
hallucinogenic	
  effects.	
  

DMT	
  antagonizes	
  5-­‐HT2A	
   Knock-­‐out	
  abolishes	
  hallucina&on	
  

Keiser,	
  et	
  al.	
  Nature	
  2009	
  



Target	
  ID	
  in	
  phenotypic	
  screens:	
  	
  
	
  Zebrafish	
  response	
  to	
  light	
  flash	
  

Kokel	
  et	
  al,	
  Nature	
  Chem.	
  Biol.	
  2010.	
  

1	
  
Quan&fy	
  
response	
  

2	
  
Express	
  it	
  as	
  a	
  
fingerprint	
  

III	
  



But	
  what	
  are	
  the	
  targets?	
  

14,000	
  compounds	
  
screened:	
  

	
  1627	
  hits	
  

Clusters	
  by	
  phenotype	
  



Fishing	
  for	
  targets	
  with	
  SEA	
  

SEA	
  Screen	
  

D.	
  Kokel,	
  et	
  al.	
  (C.	
  Laggner,	
  R.	
  Peterson),	
  Nat.	
  Chem.	
  Biol.	
  2010	
  



Target	
  ID	
  by	
  chemoinforma&c	
  similarity	
  
SEA:	
  	
  
dopamine	
  D2	
  (3.9	
  e-­‐36)	
  	
  
α1	
  adrenergic	
  (2.4	
  e-­‐53)	
  
5HT-­‐1a	
  (3.3	
  e-­‐71)	
  	
  

120	
  nM	
  
13	
  -­‐	
  25	
  nM	
  

65	
  nM	
  

SEA:	
  	
  
β	
  adrenergic	
  (1.5	
  e-­‐20	
  )	
  	
   337	
  nM	
  

SEA:	
  	
  
β2	
  adrenergic	
  (1	
  e-­‐20	
  )	
  	
   549	
  nM	
  

SEA:	
  	
  
dopamine	
  D3	
  (2.6	
  e-­‐49)	
  
5HT-­‐1a	
  (4.9	
  e-­‐97)	
  
α1	
  adrenergic	
  (1.9	
  e-­‐84	
  )	
  	
  

164.0	
  nM	
  
	
  25.0	
  nM	
  
	
  	
  	
  0.8	
  nM	
  

SEA:	
  	
  
dopamine	
  D4	
  (1.1e-­‐39)	
   1.1	
  uM	
  

Chris&an	
  Laggner,	
  
V.	
  Setola,	
  B.	
  Roth,	
  R.	
  
Peterson,	
  B.	
  Shoichet,	
  
unpublished.	
  



Targets	
  of	
  s&mulatory	
  hit	
  cluster?	
  

SEA	
  

C.	
  Laggner,	
  D.	
  Kokel,	
  D.	
  Minor,	
  R.	
  Peterson,	
  B.	
  Shoichet	
  unpublished.	
  



D.	
  Minor,	
  Chris&an	
  Laggner,	
  D.	
  Kokel,	
  R.	
  Peterson,	
  B.	
  Shoichet,	
  unpublished.	
  

Psora-­‐4,	
  a	
  3	
  nM	
  Kv1.n	
  blocker,	
  
phenocopies	
  the	
  hits	
  from	
  the	
  
fish	
  light	
  assays.	
  

Hits	
  block	
  Kv1.2	
  channels	
  at	
  2	
  to	
  4	
  uM	
  	
  
Kv
1.
2	
  
in
hi
bi
&o

n	
  

Kv
1.
2	
  
in
hi
bi
&o

n	
  



Target-­‐ADR	
  
associa&ons	
  

ADR	
  
databases	
  

in	
  vitro	
  
assays	
  

IC50	
  values	
  	
  <1	
  uM	
  

Large-­‐scale	
  adverse	
  drug	
  reac&on	
  predic&ons	
  

SEA	
  
predicHons	
  

600+	
  drugs	
  
vs.	
  

3000+	
  targets	
  

ADRs	
  
beuer	
  

explained	
  
by	
  new	
  
targets	
  

80	
  novel	
  
700	
  confirmatory	
  

With	
  Jeremy	
  Jenkins	
  &	
  Eugen	
  Lounkine	
  

IV	
  



SEA	
  broad-­‐scale	
  side-­‐effect	
  heat	
  maps	
  
Screen	
  compound	
  analog	
  series	
  for	
  toxicity	
  targets.	
  

Standard	
  H2L	
  &	
  LO	
  profiling	
  assays	
  from	
  Cerep,	
  
ChanTest,	
  other	
  CROs	
  

Note:	
  The	
  heat	
  maps	
  depicted	
  here	
  
were	
  built	
  from	
  random	
  data	
  only.	
  



Summary	
  

•  Pragma&c	
  approaches	
  to	
  ligand	
  discovery	
  in	
  
chemical	
  compound	
  space	
  
–  Purchasability	
  
–  Bias	
  towards	
  biogenic	
  compounds	
  
–  Fragments	
  



You	
  can	
  try	
  SEA	
  yourself	
  

hup://sea.bkslab.org	
  


