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1. Introduction   
In  the  first  historical  period  of  drug  discovery          
(19th  century)  scientists  and  chemists  were       
focused  on  the  isolation  of  medical  natural         
compounds  found  in  plants,  micro-organisms,       
invertebrates,  and  vertebrates.  These  compounds       
were  the  starting  point  for  drug  discovery.  Later          
on,  during  the  20th  century,  the  era  of  antibiotics           
emerged  with  the  discovery  of  new  structural         
compounds  (e.g.   Penicillin ).  The  identification  of        
proteins  involved  in  specific  biological  pathways        
represented  a  major  leap  forward  for  discovering         
potential  drug  targets. 1  Nowadays,  there  are  many         
diseases  for  which  there  are  no  effective         
therapeutic  options,  and  different  disciplines  work        
together  to  discover  novel  compounds  for  the         
prevention  and  treatment  of  diseases.       
Pharmaceutical  companies  spend  about  1.3$       
billion  and  13  years  on  the  development  of  new           
drugs. 2  For  this  reason,  methods  that  can  reduce          
the  cost  and  the  time  of  developing  new  drugs  are            
urgently  needed.  Of  prime  interest  are       

computational  approaches  that  can  accelerate  the        
early   phases   of   drug   discovery.   
  

This  project  aims  to  find  leads  in  billion-sized          
chemical  collections  for  different  proteins.  The        
identification  of  these  compounds  is  an  important         
factor  in  drug  discovery,  because  a)  the         
gold-standard  method  (high-throughput  screening;      
HTS)  is  prohibitive  for  most  research        
organizations;  and,  b)  the  chemical  structure  of  the          
initial  hits  has  a  decisive  impact  on  all  remaining           
steps  in  discovery  and  development.  Leads  are         
small  chemical  compounds  that  bind  with  high         
affinity  to  the  target,  elicit  the  desired  functional          
response,  and  are  sufficiently  selective  and  safe  to          
ensure  that  the  final  drug  candidate  will  display  a           
good  therapeutic  window.  This  candidate  should        
also  present  suitable  ADME  properties       
(adsorption,  distribution,  metabolism,  and      
excretion)  to  ensure  efficacy  with  the  desired  route          
of   administration   and   dosing   regimen. 3   
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Abstract   
Motivation:  Drug  discovery  and  development  are  very  expensive  and  time-consuming  for  the  pharmaceutical  industry.                
There  is  a  need  to  find  new  computational  methods  that  improve  the  efficacy  and  efficiency  of  drug  findings.   Virtual                     
screening  ( VS )  is  a  very  effective  and  inexpensive  in  silico  computational  method  for  drug  design.  Recently,  the  accessible                    
chemical  space  has  grown  tremendously,  reaching  several  billion  compounds.  This  means  that,  for  the  first  time,  VS  can                    
access  many  more  compounds  than  even  the  largest  experimental  screening  (>1000-fold  more!).  However,  this  increase  in                  
library   size   means   that   the   methods   used   until   now   need   to   change   to   adapt   to   this   new   chemical   space.   
Methods :  We  have  developed  a  computational  pipeline  to  transform  how   VS  is  carried  out,  enabling  efficient  and                   
high-quality  exploration  of  these  new  and  vast  chemical  collections.  We  first  perform  an  exhaustive  exploration  of  the                   
fragment-like  chemical  space  using  a  hierarchical  strategy  based  on  the  successive  pharmacophore-guided  molecular               
docking,  unsupervised  clustering  techniques,  MM/GBSA,  and  Dynamic  Undocking.  Then,  the  selected  fragments  are               
grown  into  larger  molecules  using  a  fragment  evolution  platform  developed  in  the  lab.  In  this  way,  we  only  need  to  explore                       
the  regions  of  the  chemical  space  that  show  the  most  potential  for  our  target,  instead  of  an  exhaustive  exploration  of  the                       
whole   space.     
Results:  We  have  shown  that  the  chemical  space  can  be  filtered,  and  explored  in  a  very  efficient  way  by  using  different                       
methods  to  keep  the  diversity  of  the  fragment  library.  Besides,  the   HT  protocol  of  docking  and  the  use  of   MM/GBSA  and                       
Dynamic   Undocking   shows   a   potent   combination   to   obtain   fragments   that   will   be   used   for   the   growing   phase.     
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Finding  a  lead  has  been  compared  to  finding  a           
needle  in  a  haystack.  The  size  of  the  haystack  (i.e.            
the  number  of  drug-like  molecules)  has  an         
estimated  size  of  approximately  10 60 ,  but  the         
number  of  molecules  that  can  be  experimentally         
tested  by  HTS  is  in  the  order  of  5·10 6 . 31  Recently,            
several  companies  have  introduced  virtual       
collections  of  chemical  compounds  that  can  be         
synthesized  on  demand. 32  These  collections  are        
growing  very  quickly,  and  have  recently  reached         
2·10 10 . 33  Here  we  aim  to  develop  a  computational          
protocol  that  will  enable  efficient  exploration  of         
such   huge   chemical   spaces.   
  

We  will  validate  the  platform  on   Bromodomain         
Containing  protein  4  BD1  domain  ( BRD4(1)),  a         
protein  belonging  to  the   Bromodomain-like       
superfamily  (BET) .  Its  structure  is  composed  of         
four  alpha  helices  linked  by  two  loops.  The          
C-terminal  of   BRD4  participates  in  gene        
transcription  together  with  RNA  Polymerase  II  and         
P-TEFb.   BRD4  is  an  important  factor  for  the          
regulation  of  the  downstream  genes  related  to  the          
survival  of  tumor  cells,  and  it  is  implicated  in           
cancer  and  fibrosis. 4  The  binding  pocket  region         
can  be  found  inside  the  loops,  at  the  end  of  the             
helix.   BD1  and   BD2  recognize  different  acetylation         
substrates  in  the  tails  of   H3  and   H4 . 5  Besides,  the            
key  interaction  with  the  known  inhibitors  in  the          
binding  pocket  is  an  H-bond  acceptor  with  the          
Asn-140  of   BD1 ,  and/or  a  hydrophobic  interaction         
at  the  bottom  of  the  cavity. 29  There  are  several           
drugs   for    BRD4    undergoing   clinical   trials. 6     

  
Objectives   

  
We  propose  a  pipeline  to  explore  the  chemical          
space  efficiently.  Firstly,  by  performing  an        
exhaustive  search  of  the  fragment-like  chemical        
space,  leading  to  the  identification  of  virtual         
fragment  hits  with  a  very  high  probability  of  being           
active.  Then,  by  extracting  all  the  molecules  in  the           
huge  virtual  collections  of  synthesizable  chemical        
compounds  that  share  the  same  scaffold  with  the          
fragment  hits.  These  compounds  will  be  further         
analyzed  and  the  most  promising  candidates  will         
be   purchased   and   tested   experimentally.   

2. Materials   and   Methods   
  

2.1  Fragment  library.  To  generate  a        
comprehensive  collection  of  fragment-like      
molecules,  we  merged  the  drug-like  set  of   ZINC20          
and  the   Enamine  REAL  collections,  downloading        
them  from  their  respective  websites. 7-8  Setting  a         
molecular  weight  ( MW )   limit  of  350  Da,  we  obtain           
1.36·10 9   molecules  from  Enamine  Real  and        
2.33·10 8  molecules  from   ZINC20 ,  thus  our        
fragment  database  comprises  1.59·10 9  molecules       
(not  unique).  These  compounds  are  stored  in         
SMILES  (Simplified  Molecular  Input  Line  Entry        
System)  format.  This  format  is  used  to  represent          
the  chemical  structure  in  an  alphanumeric  form         
( ASCII )  following  five  basic  syntax  rules  described         
in  the  literature. 9  Using  the   RDKIT  python         
package 10  we  applied  additional  filters  to  the         
database,  limited  by  the  number  of  heavy  atoms          
(i.e.  non-hydrogen  atoms)  to  ≤14,  and  the  number          
of  rings  to  ≥1.   RDKIT  allows  us  to  represent  the            
chemical  structure  in  different  ways,  and  it  allows          
us  to  compute  all  the  chemical  descriptors  of  each           
molecule.  We  used  mainly  three  functions  to  read          
the  smiles  and  compute  the  number  of  heavy  atoms           
and  the  number  of  rings,  these  functions  are          
MolFromSmiles ,   GetNumHeavyAtoms ,  and     
GetRingInfo ,    respectively . 10     
  

In  the  next  step,  we  used   Open  Babel  to  remove            
those  repeated  fragments  that  could  exist  in  both          
databases.   Open  Babel  is  a  cheminformatics  tool         
that  allows  searching,  manipulating,  analyzing,  and        
converting  chemical  data  into  different  formats. 11        
For  this  last  step,  we  used  the   unique   command           
line  function,  which  is  used  to  filter  those  identical           
compounds  during  the  conversion.  We  used  the         
InChi  molecular  nomenclature  to  preserve  the        
stereochemical   information.   

  
2.2  Ligand  and  protein  preparation.   For  the         
docking  protocol,  we  will  need  to  prepare  the          
collection  of  small  compounds.  First,  we  need  to          
assign  the  correct  protonation  and  tautomeric  states         
of  these  compounds  in  the  experimental  conditions         
(aqueous  buffer  at  pH  7).  For  this  task,  we  use  the             
JChem  software  from   ChemAxon . 12  Specifically,       
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we  have  used  the   cxcalc   option  with  the          
microspecies  distributions,   and   dominant  tautomer       
distribution   options  to  indicate  that  it  should  write          
all  microspecies  with  a  relative  abundance  greater         
than  5%.  Then,  we  must  generate  the  3D          
coordinates  of  each  structural  isomer.  This  is  done          
with   CORINA . 13  This  software  not  only  allows  the          
reconstruction  of  the  3D  coordinates  but  also  can          
handle  metals  and  large  rings,  and  takes  into          
account  the  stereochemical  information.  It  also        
generates  ring  conformations,  a  necessary  step        
because  the  docking  program  takes  the  rings  as          
rigid  blocks.  Specifically,  we  have  used  the         
stergern  flag   to  generate  stereoisomers  with  a   msi          
=  4  to  indicate  the  maximum  number  of          
stereoisomers.  We  preserved  the  configuration  of        
the  stereocenters  using  the   preserve   flag,  and  to          
write  the  implicit  hydrogens  we  used  the   wh   flag.           
Additionally,  we  removed  the  small  fragments        
because  sometimes  these  fragments  create  salts        
with  the   rs .  Finally,  we  generate  different         
conformations  for  the  rings  using  the   rc ,  and   sc           
flags  with  an  energy  threshold  of   de   =  8,  and  a             
maximum   of   conformations   of    mc    =   5.   
  

2.3  Protein  preparation.   As  stored  in  the  PDB,          
the  3D  structures  of  biological  macromolecules        
must  be  processed  before  they  can  be  used  in           
molecular  simulations.  For  this  purpose,  we  have         
used   MOE  which  is  licensed  software  that         
integrates  visualization,  simulation,  and  modelling       
of  3D  structures. 14  This  step  takes  as  input  a           
protein  in   PDB  format,  in  our  case  our  reference           
structure  is   BRD4  (PDB  code:4lr6). 15  We  prepared         
the  protein  by  using  the  structure  preparation         
panel,  which  identifies  potential  issues  related  to         
the   PDB  structure,  such  as  missing  atoms         
(side-chains,  loops,  terminal  residues),  atoms  with        
double  occupancies,  clashes,…  and  can  correct        
them  automatically.  It  also  assigns  suitable        
protonation  states  to  all  ionizable  groups.  We  used          
the  default  setting  for  these  features.  Structural         
water  molecules  in  the  cavity  were  preserved.         
After  that,  we  saved  the  structure  in   PDB  and           
MOL2    formats   for   further   analysis.   
  

2.4  Identification  of  binding  hot  spots.   The  study          
of  the  binding  hot  spots  is  key  to  identify           
preferential  ligand-protein  interaction  points.  For       
this  reason,  we  used   MDmix  which  is  a  tool           
developed  in  the  lab.  This  method  is  based  on           
Molecular  Dynamics  (MD)  with  solvent  mixtures        
and  it  allows  the  identification  of  pharmacophoric         
points  and  predicts  water  displaceability. 16  We        
created  the  solute  part  of  the  simulation  system  by           
generating  an   AMBER  object  file  with  Leap  taking          
our  prepared  target  protein   BRD4(1)  in  PDB         
format   and  the   ff14SB  AMBER  forcefield. 17-30        
Then,  we  used   pyMDmix  to  generate  the  complete          
simulation  systems,  using  as  solvents:  a)  pure         
water  ( TIP3P  water  model);  b)  an  ethanol/water         
mixture  at  20%;  and  c)  a  pyrazole/water  mixture  at           
1%.  For  each  system, pyMDmix  created  the  input          
files  and  folder  structures  necessary  to  run  3          
independent  replicas  of  50  ns  simulation  time  each.          
The  simulation  conditions,  as  per   MDmix  default,         
are  minimization  of  5000  steps,  during  the         
equilibration  the  temperature  is  increased  from        
100K  to  the  final  temperature  (300K)  in  800  ps  in            
the   NVT  ensemble.  Then  the  pressure  is         
equilibrated  during  1ns  simulation  in  the   NPT         
ensemble.  The  production  is  done  using   NVT         
ensemble  with   Langevin  thermostat,  electrostatic       
computations  using   PME  with  a  timestep  of  2  fs.           
Each  file  stores  1  ns  of  simulation  (500.000  steps)           
with  a  writing  frequency  of  500  steps.  By  default,           
AMBER  uses   99SB  and  leaprc.gaff  forcefield  for         
the  protein  and  ligand,  respectively.  Again,        
pyMDmix  was  used  to  process  the  trajectories,         
aligning  the  protein  backbone  to  a  reference         
structure,  writing  solvent  density  grids,  and        
converting  them  to  binding  free  energy  using  the          
inverse    Boltzmann   relationship . 21   

  
We  can  visualize  the  free  energy  grids  using  the           
isosurface   function  from   PyMol, 18  open-source       
software  used  for  molecular  visualization.  We  can         
then  select  the  coordinates  of  the  pharmacophoric         
points  (i.e.  the  most  favourable  solvent  interaction         
points  in  the  protein’s  binding  site)  and  use  them           
later   on   for   the   docking   protocol.   
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2.5  Molecular  Docking   For  the  docking  protocol         
we  used  the  open-source  program   rDock  which  is  a           
tool  developed  in  the  lab  and  is  used  for  the            
prediction  of  the  binding  mode  of  small-molecule         
ligands  to  a  protein  binding  site,  and  High          
Throughput  Virtual  Screening  ( HTVS ). 19  The       
previously  prepared  reference  structure   BRD4(1)       
(in  MOL2  format)  was  used  as  a  receptor.  To           
define  the  docking  space,  we  used  the  reference          
ligand  method.  Concretely,  we  used  the  ligand   1XA          
from   PDB   4LR6 . 15  The  compound  libraries  (in  3D          
format),  were  then  docked  using  two        
pharmacophoric  restraints  obtained  from   MDmix :       
a)  an  H-bond  acceptor  interacting  with  the  Asn140,          
b)  a  hydrophobic  hotspot  at  the  bottom  of  the           
cavity,  with  a  radius  tolerance  of  0.5  Å  and  1  Å             
respectively.  The  algorithm  used  for  docking  is         
based  on  a  genetic  algorithm  that  explores  the          
energy  landscape  of  the  ligand  poses,  finding  the          
most  favorable  geometries.  After  that,  it  applies  a          
Monte  Carlo  simulation  at  low  temperature  to         
optimize  the  geometry  and  finishes  with  a  simple          
minimization  to  locate  the  minimum  of  the  energy          
basin.  Firstly,  we  tried  with  a  different  number  of           
runs  (5,  10,  15,  and  20)  to  get  an  approximation            
with  the  conformations  of  the  crystal  structure,        
after  that  we  realized  the  need  to  use  15  runs.  The             
results  of   rDock  are  summarized  in  a  form  of           
scoring  functions  (S Total   KJ/mol),  this  energy  is         
based  on  the  sum  of  intermolecular  (S Inter )  which          
represents  the  receptor-ligand  interaction,  ligand       
intramolecular  (S Intra )  which  represents  the  change        
of  energy  of  the  ligand,  site  energy  (S Site )  which           
give  us  information  of  the  energy  of  the  flexible           
parts  of  the  active  site,  and  the  restraints  (S Restr )           
which  biases  docking  (e.g.  with  pharmacophoric        
restraints). 19  After  the  completion  of  the  docking         
by  default,  all  docking  solutions  for  a  particular          
molecule  are  sorted  by  S Total  and  the  best-scoring          
solution  is  kept.  Comparison  between  different        
molecules  is  based  on  S Inter  because  the  S Intra  term  is            
not  normalized  across  molecules.  Ignoring  the  S Intra         
term  does  not  imply  a  larger  error  in  the           
predictions. 20   

  
2.6  HT-Docking  protocol   To  validate  the        
high-throughput  docking  protocol  used  for  virtual        

screening,  we  used  known   BRD4  ligands  as         
positive  controls.  BRD4-binding  molecules  were       
retrieved  from  the   ChEMBL  database, 21  filtering        
and  preparing  them  using  the  same  protocols         
described  for  the  general  fragment  collection.  This         
allowed  us  to  select  a  S Inter  cut-off  value  of  -12  (see             
Table.1 ).  Additionally,  after  observing  that   rDock        
can  give  good  scores  placing  polar  groups  near  the           
hydrophobic  pharmacophoric  point  (because  it  is        
lined  by  water  molecules)   we  excluded  all  docking          
poses  that  did  not  strictly  fulfill  the  hydrophobic          
binding  hot  spot.  Finally,  for  computational        
efficiency,  we  used  the   HT  protocol  filter         
functionality  in   rDock ,  which  causes  early        
termination  of  the  docking  protocol  if  the  ligand          
does  not  reach  a  S Inter  <  -3  and  S Restr  <  2  after  3               
docking  runs  or  S Inter  <  -6  and  S Restr  <  1  after  8              
docking  runs.  These  filters  remove  early  on         
molecules  that  will  be  unable  to  attain  the  S Inter           
cut-off  value.  Only  those  molecules  passing  these        
filters   complete   the   50   docking   runs.   
  

2.5  Clustering  the  chemical  space   Once  the         
rDock  results  have  been  obtained,  the  next  step  is           
to  cluster  and  take  a  set  of  the  most  representative            
fragments.  To  perform  the  clustering  analysis,  we         
will  use   Morgan  fingerprints  to  represent  each         
compound’s  chemical  structure  features  in  the        
form  of  a  bit-vector.  The   RDKIT  python  package          
allows  us  to  transform  the   SMILES  in  a  mol  class            
format  and  to  compute  molecular  fingerprints  in  a          
1024  bit  vector  using   radius   =  2  bonds. 28  Initially,           
we  chose  a   k  value  based  on  the  size  of  the             
fragments  we  can  compute  due  to  the  high  demand          
of  computer  resources  to  perform   MM/GBSA        
protocol,  in  our  case  we  used   k  =  1.000.  We  cluster             
all  the  fingerprints  using  the  whole  set  of  features.           
We  used  the   K-Means   algorithm  to  perform  the          
clustering  analysis,  which  takes  a  vector  of  points          
as  an  input,  in  our  case  we  used  the   Jaccard  Index             
to  compute  all  the  distances  between  each         
molecule. 22   

  
Visualizing  all  the  dimensions  is  far  from  trivial,          
for  this  reason,  we  have  used  dimensionality         
reduction  methods.  We  used  the  two  dimensions         
that  explain  the  most  variance.  We  compute  and          
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visualize  them  using  truncated   Singular  Value        
Decomposition  (SVD) ,   T-distributed  Stochastic      
Neighbor  Embedding  ( t-SNE),   and  Principal      
Components   Analysis   (PCA) . 23     
  

To  check  the  quality  of  the  clustering,  for  each           
cluster,  we  have  compared  how  many  pairs  of          
molecules  are  labeled  in  the  same  cluster         
( intra-cluster ),  and  how  many  molecules  are        
labeled  in  different  clusters  ( inter-clusters ).  We        
represent  the  distribution  of  both  inter-cluster  and         
intra-cluster  distances  and  see  if  there  are           
overlapping  areas  in  both  distributions.  We        
transformed  the  Jaccard  distances  into  probabilities        
using   the   following   formula:   
  

 rob  1 P i =  −  (dist   dist )i −  
min

(dist  dist )max − min
 

  
We  can  evaluate  the  clustering  results  using  the          
ROC  AUC  curve,  representing  the  proportion  of         
true   positives   and   false   positives.   
  

We  have  also  implemented  a  measure  to  check          
how  diverse  our  set  of  compounds  is.  This  measure           
is  called   True  Diversity ,  it  is  based  on  molecular           
fingerprints.  The   True  Diversity  checks  the        
frequencies  of  each  position  of  the  fingerprint,         
which  gives  us  an  idea  of  the  number  of  unique            
fingerprints.  This  measure  is  computed  by  the         
following   equation:   
  

  e D =  
 ln(p )−∑

R

i=1
p i i  

  
Where   D  stands  for   True  Diversity,   R  is  the           
richness  (total  amount  of  fingerprints),   p i        
represents  the  relative  frequency  of  ”1”  bit  at          
fingerprint  position  “ i ”  in   R .  Moreover,  this  value          
is   the   exponential   of   the    Shannon   Entropy    (SE). 24   
  

2.6  Molecular  mechanics  generalized  Born       
surface  area  (MM/GBSA)   uses  molecular       
mechanics  and  the  generalized  Born  model,  an         
approximation  of  the   Poisson-Boltzmann  equation       
to  estimate  ligand-protein  binding  free  energies.        
The  free-energy  is  calculated  as  the  sum  of  the           
molecular  mechanics  (ΔE MM )  energy,  the  solvation        
free-energy  (ΔG Sol ),  and  the  conformational       

entropy  (-TΔS),  but  this  latter  term  is  often          
neglected.   In   mathematical   terms:   
  

 G  E G  Δ bind = Δ MM + Δ Sol  
where   
  

 E  ΔE E EΔ MM =  Int + Δ Ele + Δ V dW  
 G  ΔG  ΔGΔ Sol =  GB +  SA  

 S  γ SASA bΔ SA =  +   
  

represents  the  changes  in  the  internal  EΔ MM       
energies  (angle,  bond,  and  dihedral  energies),  the         
electrostatic  energies,  and  the  van  der  Waals         
energies.   represents  the  contribution  of  the   GΔ Sol       
polar  ( )  and  nonpolar  ( )  contributions   GΔ GB    GΔ SA   
to  the  solvation  free  energies.  The  latter  term          
follows  a  simple  linear  relationship  with  the         
solvent-accessible   surface   area   ( SASA ). 25   
  

We  used  the   MM/GBSA  approach  implemented  in         
the   Prime   tool  from   Schrödinger , 26  which  allows         
us  to  study  the  ligand  binding  free  energies  and           
strain  energies  for  a  set  of  ligands  and  a  receptor            
protein.  For  this  step,  we  used  the  default   OPLS           
forcefield  and  end-point  molecular      
mechanics-generalized  born  surface  area.  For  the        
minimization  step,  we  used   REAL_MIN.   We        
considered  the  results  both  with  and  without  ligand          
strain   energy.     
  

2.7  Dynamic  Undocking   It  is  a  type  of  steered           
molecular  dynamics  simulation,  and  it  focuses  on         
the  work  needed  to  break  a  hydrogen  bond          
interaction  of  the  protein-ligand  complex.  The        
quasi-bound  state  is  given  when  the  ligand  has  just           
broken  the  most  important  contact  with  the         
receptor.  The  work  needed  to  break  the  interaction          
is  used  to  quantify  the  structural  stability  of  the           
protein-ligand  complex.  It  has  been  shown  that  we          
can  also  identify  active  compounds,  and  combining         
the  results  of   rDock,  and   DUck  we  will  have  an            
increase  in  the  effectiveness  and  specificity  of  the          
VS . 27-28   

  
DUck  requires  a  key  atom  in  the  receptor  that           
forms  hydrogen  bonds  with  the  molecule.  In   BRD4          
(PDB  code  4lr6)  the  key  residue  that  performs          
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hydrogen  bond  interaction  is  the  Asn-140.  We  need          
to  specify  the  ”chunk”,  it  is  the  minimum  set  of            
residues  that  are  essential  to  keep  the  hydrogen          
bond  interaction.  The   MD  simulation  is  prepared         
with   MOE  that  will  generate  a  series  of  files  to            
perform  the  dynamic  undocking.  The  forcefield        
used  for  the   MD  is   99SB ,  a  cubic  box  is  used  to  fill               
the  water  molecules  ( TIP3 ),  and  neutralization  of         
the  system  is  performed  by  adding  Na +  or  Cl - .           
Once  we  have  the  files  created,  we  can  run  the            
DUck  protocol,  which  starts  with  an  equilibration         
of  the  system  that  consists  of  an  energy          
minimization  followed  by  heating  of  the  system         
( NTV ),  the  final  step  is  the  equilibration  of  the           
system  (1  ns).  The  hydrogen  bond  is  steered  from           
2.0  Å  to  5.0  Å  in  the  last  500  ps  of  the  simulation,               
generating  different  trajectories.  From  each       
process,  the   quasi-bound  work  ( W QB )  is  then         
computed.   

  
 Github:     github.com/adriacb/BigChem_LMW   
 Supplementary   Material   Link:    G.   Drive   

  
3. Results   and   Discussion   

  
VS  is  an  important  computational  tool  in  drug          
discovery.  Small  molecules  which  can  be  bound  to          
a  specific  binding  site  or  target  are  identified  from           
large  chemical  libraries.  There  are  two  main         
classes  of  methods  for   VS:  ligand-based  methods         
are  based  on  the  similarity  between  compounds,         
and  while  structure-based  methods  evaluate  the        
complementarity  of  the  ligand  with  the  protein’s         
binding  site.  We  aim  to  transform  how  virtual          
screening  is  performed,  adopting  a  protocol  that         
can  be  scaled  to  the  very  large  virtual  chemical           
collections  (>10 10 ).  Instead  of  evaluating  every        
single  compound  in  the  database,  we  aim  to          
perform  an  exhaustive  search  of  the  virtual         
fragment  space  (molecules  ≤  14  heavy  atoms),         
identifying  a  few  that  we  will  consider  as  active.           
Then,  we  will  evaluate  only  similar  molecules  in          
the   drug-like   space   (molecules   ≤   35   heavy   atoms).   
  

First,  we  assembled  a  collection  of  4.123.967         
unique  compounds,  representing  the  entire       
commercially  accessible  fragment  chemical  space.       

Then,  we  generated  tautomers,  protonation  states,        
stereoisomers,  and  ring  conformations,  resulting  in        
a  set  of  11.951.859  molecular  states  to  be          
considered   at   the   docking   stage.   
  

In  order  to  guide  docking  and  improve  its          
performance,  we  used  the   MDmix   technique  to         
identify  the  most  important  binding  hot  spots  in  the           
cavity  of  BRD4(1).  The  results  revealed  two  main          
points  that  are  essential  for  an  optimal  binding          
event,  an  acceptor  pharmacophoric  point       
representing  the  interaction  with  Asn140  Nδ2  and         
a  hydrophobic  pharmacophoric  point  near  the        
structural  waters  at  the  bottom  of  the  cavity          
( Fig.1 ) .   
  

Then,  we  proceeded  to  carry  out  docking-based         
virtual  screening,  using  the  pharmacophoric  points        
as  restraints,  as  implemented  in  the   rDock         
program.  As  a  first  analysis,  we  compared  the          
distributions  of  the  S Inter  and  S Restr  scoring  terms          
between  a  set  of  known  BRD4(1)  ligands  (active          
set)  and  the  whole  fragment  virtual  collection.  The          
active  set  was  obtained  from  the   ChEMBL         
database.  As  shown  in   Fig.2 ,  the  intermolecular         
score  is  an  indicator  of  the  quality  of  the  binding            
event  between  the  ligand  and  the  receptor,  meaning          
that  ligands  with  higher  affinity  tend  to  display          
more  negative  S inter  values.  On  the  other  hand,  we           
cannot  apply  a  cutoff  based  on  S Restr  because  we           
have  some  active  molecules  from  the  set  of          
ChEMBL   (having  an  IC 50  less  or  equal  to  100  µM)            
showing   high   S Restr    scores   ( Fig.2 ).   
    

We  chose  the   S Inter  cutoff  by  looking  at  the           
cumulative  percentages  of  the  database  at  different         
values  ( Table.1 )  and  comparing  them  with  the         
results  obtained  for  the  active  set   ( Fig.2 ) .  We          
finally  chose  a   S Inter  cutoff  value   of  -12  because  in            
this  way  we  preserved  more  than  82.4%  of  the           
active  set  of   ChEMBL  but  only  35.5%  of  the           
virtual  fragment  collection  (enrichment  factor  =        
2.3-fold)  more  than  35.8%  of  our  fragment  library          
as   can   be   seen   in    Table.1 .   
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 Fig1.   |   
Visualization  of  the  pharmacophoric  points  and  cavity.  a)  PyMol  visualization  of  the  pharmacophoric  points  and  the  cavity.  On  the  left  side,  we  can                         
see  BRD4  -  4lr6  (PDB)  with  conserved  waters,  the  key  interaction  residue  (Asn-140),  and  the  pharmacophoric  points  obtained  from  MDmix,  in  green                        
the  hydrophobic  ph4,  and  red  the  acceptor  ph4,  the  radius  indicate  the  tolerance,  1.0  and  0.5  respectively.  b)  On  the  right  side,  we  can  see  the  cavity                             
generated   by   rDock,   using   the   ligand   1XA.   
  

  
 Fig.2 |  Relationship  between  S Inter  and  S Restr  scores.   The  highlighted            
molecules  have  an  IC 50  less  or  equal  to  100  µM,  the  size  of  the                
circles   indicates   the   intensity   of   the   IC 50    values.   

  

  
 Table.1  |  Cumulative  percentages  docking  scores.   This  table  shows           
the  cumulative  percentages  for  each  interval  of  the  distribution  of  the             
intermolecular  scores  for  the  potent  set  of  fragments  from  ChEMBL            
(having  an  IC 50  less  or  equal  to  100  µM),  the  PDB  set,  and  the                
results   from   rDock   for   our   fragment   library.   

  

Although   rDock   is  a  powerful  tool  for  performing          
HT   campaigns  has  some  limitations,  it  gives  very          
good  scores  to  molecules  with  polar  contacts  with          
the  structural  waters  of   BRD4 ,  where  the         
hydrophobic  pharmacophore  is  supposed  to  be.        

Thus,  we  excluded  those  docking  results  that  had          
a  polar  group  interacting  with  the  waters,  reducing          
the  list  of  selected  molecules  to  362.413         
(97.21 % ).     
  

The  next  step  in  the  virtual  screening  process  is           
based  on   MM/GBSA ,  but  the  method  has  limited          
throughput.  Therefore  it  is  necessary  to  reduce  the          
chemical  space.  We  have  applied  the   K-Means         
algorithms  combined  with  a  qualitative  measure        
of  the  diversity  of  the  compounds  ( True         
Diversity ).     
  

We  wanted  to  cluster  the  fragments  by  similarity,          
but  at  the  same  time,  we  wanted  to  make  sure  that             
we  got  a  diverse  set  of  representative  compounds,          
meaning  that  there  is  chemical  variety  among  the          
most  representative  of  each  group.  We  used         
Morgan  fingerprints  as  a  way  of  extracting         
features  of  the  molecule  in  the  form  of  a  bit  vector             
( 1024  bits,  radius  =  2 ),  we  have  used  the  whole            
set  of  features  to  cluster  them  with   K-Means  and           
visualize  them  with  dimensionality  reduction       
techniques.  We  should  expect  that  intra-cluster        
distances  are  much  lower  than  inter-cluster        
distances.  So,  to  evaluate  the  results,  for  each          
cluster  we  compared  these  distances  and        
visualized  a  representation  of  the  chemical  space         
using  dimensionality  reduction  techniques,  we  can        
see  an  example  using  a  k  =  1000  in   Fig.3 .  The             
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results  of  the  evaluation  using  the   ROC  AUC          
show  that  89%  of  the  clusters  have  an   AUC           
greater  than  0.9,  and  the  distances  between   intra          
and   inter   clusters  are  very  well  separated,         
meaning  that  the  clustering  has  been  useful  to          
reduce   the   chemical   space.   
  

In  the  next  step,  we  compared  the         GΔ bind

distributions  obtained  from   MM/GBSA  for  the  set         
of  1.000  most  representative  molecules  obtained        
from  the  clustering,  and  the  active  set.   Fig.4          
shows  that  they  follow  a  different  distribution,         
which  allows  us  to  filter  all  those  molecules          
having  >  -30,  keeping  more  than  90%  of   GΔ bind        
the  potent  set  of  molecules  from   ChEMBL   while          
removing   63.7%   of   the   diverse   set.   
  

Generally,  structure-based  approaches  focus  on       
the  thermodynamics  of  the  binding  energy        
(ΔG bind )  of  ligand-protein  interactions.  Instead,       
Dynamic  Undocking  ( DUck )  assesses  the  work        

needed  to  achieve  a  quasi-bound  ( W QB )  state,         
where  a  key  protein-ligand  interaction  has  been         
broken.  The  method  can  remove  up  to  80%  of           
docking  false  positives  and  will  be  used  in  the           
next  step  to  generate  a  shortlist  of  3-4  virtual           
fragment  hits.  This  task  will  be  completed  in  the           
coming   month.   
  

Finally,  we  will  apply  a  computational  tool         
developed  in  the  lab  ( FrEvolAtion )  to  identify         
drug-like  molecules  from  the  Enamine  REAL        
space  (1.9·10 10  molecules)  that  contain  the        
selected  fragments’  substructures  and  can  form        
additional  interactions  with  the  BRD4(1)  binding        
site.  Ten  molecules  evolved  from  each  fragment         
hit  will  be  purchased  and  tested  for  BRD4(1)          
binding   using   biophysical   assays.   
  
  
  
  

  
a   

  
  
  

  
            c   

  
  
  
  
  

b   
  
  
  

  
  
  
  
  
  

 Fig3.  |  Clustering  test  results.  a)  In  the  top  three  figures,  there  is  a  representation  of  the  molecules  that  have  been  selected  by  the  K-Means  algorithm,                            
we  used  truncated  SVD,  PCA,  and  t-SNE  for  visualization  purposes.  b)  A  histogram  example  of  the  intra-cluster  and  inter-cluster  distances  of  two                        
different   clusters.   c)   The   boxplot   on   the   right   shows   the   result   of   all   the   ROC   AUC   computed   for   each   of   the   1.000   clusters.   
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Fig4.  |  MM-GBSA  test  results.  a)  On  the  left  side,  we  have  a  histogram  showing  the  distribution  using  log10  scale  in  the  counts  of  the  scores                           GΔ bind  
obtained  from  MM-GBSA  for  the  whole  set  of  ChEMBL,  the  set  of  most  potent  of  ChEMBL  (IC 50  less  or  equal  to  100  µM),  and  the  set  of                             
representatives.  b)  On  the  top  right  side,  we  can  see  a  summary  of  the  statistics  of  the  scores.  c)  we  can  see  a  table  containing  the  cumulative                   GΔ bind           
percentage   of   the   scores   for   each   one   of   the   sets.  GΔ bind  

  

4. Conclusions     
  

The  constant  improvement  of  the  computational        
methods  has  led  to  an  increase  in  the  efficiency  of            
the  drug  discovery  process.  One  of  the  major         
problems  in  drug  discovery  is  the  narrowing  down          
of  prominent  candidate  compounds,  which       
includes  screening  for  billions  of  chemical        
substances  to  find  lead  candidates.  In  this  project,          
we  proposed  a  variety  of  different  methods  that          
need  to  be  integrated  properly  for  the         
development  of  a  new  pipeline  that  should  be  both           
accurate  and  efficient  in  screening  virtual        
chemical  libraries  containing  many  billions  of        
molecules.   
  

So  far,  we  have  seen  that  the  chemical  space  can            
be  reduced  and  explored  in  a  very  efficient  way.           
Firstly,  the  results  from  the   rDock  HTS  protocol         
can  be  filtered  by  intermolecular  scores  ( S inter ),         
and  by  applying  filters  based  on  the  exclusion  of           
those  molecules  having  a  polar  group  interacting         
with  the  structural  waters.  However,  the  number         
of  molecules  passing  these  filters  is  too  large  to  be            
evaluated   by   more   rigorous   methodologies.   
  

We  proposed  a  clustering  method  that  allows  a          
qualitative  division  of  compounds  into  smaller        
and  diverse  groups.  We  have  verified  that  the          
results  of  the   K-means  clustering  algorithm  are         
good  enough  to  filter  the  number  of  compounds,          
and  demonstrate  that  it  is  possible  to  get  a  diverse            
set  of  representative  fragments,  enabling  an        

efficient  selection  of  a  representative  ensemble.        
Notice  that  we  are  currently  testing  other         
molecular  signatures  that  could  significantly       
reduce  the  computational  cost,  and  include  extra         
information  during  the  clustering  process.       
Additionally,  we  would  like  to  implement  the         
True  Diversity  value  to  assess  the  diversity  of  our           
set   of   representatives.   
  

The  application  of  the   MM/GBSA  method  allowed         
a  further  reduction  in  the  number  of  candidate          
molecules  without  a  significant  loss  of  active         
molecules.  Finally,  the  DUck  method  will  be         
applied  to  retain  only  those  fragments  capable  of          
forming  a  robust  hydrogen  bond  with  Asn140.         
The  final  list  of  candidate  fragments  will  be          
analyzed  and  compared  to  existing  BRD4(1)        
chemotypes,  selecting  a  small  set  of  3  or  4           
fragments  that  can  be  both  potent  and  novel.          
These  will  then  be  used  to  mine  a  virtual           
collection  of  1.9·10 10  synthesizable  chemical       
compounds.  Acquisition  of  representative  hits  and        
experimental  testing  will  determine  if  our  strategy         
is  capable  of  delivering  potent  leads,  thus  reaping          
the  opportunities  created  by  virtual  chemical        
collections.   
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