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Using Supercomputers for 
Computer Modeling of 

Biomolecules  
& Drug Design 
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Environment 
Weather/ Climatology 
Pollution / Ozone Hole 

Finding Cures 
Medicine 
Biology 

Energy 
Plasma Physics 

Fuel Cells 

Materials/ Inf. Tech 
Spintronics 

Nano-science 

Supercompu+ng	
  Drives	
  Science	
  through	
  
Simula+on	
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Distribu+on	
  of	
  HPC	
  based	
  on	
  Science	
  Area	
  

Source:	
  hCps://bluewaters.ncsa.illinois.edu	
  



Performance 
(in FLOPS): 

Megaflop  106 

Gigaflop  109 

 Teraflop  1012 

 Petaflop  1015 

HP	
  735	
  
12	
  CPUs	
  

protein	
  
10k	
  atoms	
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  ps	
  

SGI	
  Origin	
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  CPUs	
  

LeMieux	
  
3k	
  CPUs	
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60k	
  CPUs	
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  786k	
  cores	
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  280k	
  cores	
  

+	
  GPUs	
  

time	
  

ion	
  channel	
  
100k	
  atoms	
  

1	
  ns	
  

ATPase	
  
500k	
  atoms	
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  ns	
  

ribosome	
  
2	
  mil	
  atoms	
  
100s	
  ns	
  

Enveloped	
  virus	
  
200	
  mil+	
  atoms	
  

1-­‐100	
  μs	
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te
	
  P
ow

er
	
  

1993	
   1997	
  

2002	
  

2007	
  

2015	
  

Compu+ng	
  is	
  transforming	
  biomedical	
  
research	
  

Exascale 

Source:	
  adapted	
  from	
  Prof.	
  Rommie	
  Amaro	
  

CURIE,	
  CEA,	
  France	
  



Key	
  areas	
  of	
  biomedical	
  research	
  where	
  HPC	
  
is	
  key	
  

Next	
  
GeneraDon	
  
Sequencing	
  

Proteomics	
  

Brain	
  
modeling	
  

Systems	
  Biology	
  

Protein	
  Biophysics	
  

Drug	
  
Design	
  

Blood	
  flow	
  
Whole	
  organ	
  
modeling	
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Molecular	
  SimulaDons	
  across	
  scales	
  



Structure	
  -­‐-­‐-­‐-­‐-­‐-­‐-­‐-­‐>	
  func+on	
  

Molecular	
  Dynamics	
  
• 	
  molecular/atomic	
  level	
  picture	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  of	
  
structure	
  and	
  dynamics	
  	
  	
  	
  	
  	
  	
  	
  

• 	
  property	
  predic+on	
  

• 	
  ion	
  transport	
  

• 	
  solvent	
  effects	
  

• 	
  protein	
  stability	
  /	
  conform.	
  changes,	
  …	
  

dynamics	
  

Molecular	
  Modeling	
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From	
  DNA,	
  to	
  genes	
  and	
  proteins	
  

• 	
  Proteins	
  are	
  the	
  means	
  of	
  expression	
  
of	
  genes	
  to	
  funcDonal	
  molecules	
  

• 	
  Proteins	
  perform	
  essenDal	
  funcDons	
  
in	
  the	
  cell	
  	
  

2	
  μέτρα!	
  

20.000	
  genes	
  in	
  the	
  nuclei	
  of	
  our	
  cells	
  
à	
  PROTEINS	
  

(Gene)	
  

Χ	
  -­‐	
  Rays	
  
=	
  Protein	
  
Pictures	
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Drugs	
  associate	
  with	
  proteins	
  through	
  
Intermolecular	
  InteracDons!	
  

Hydrogen	
  Bonds	
  
Electrosta2c	
  Interac2ons	
  
van	
  der	
  Waals	
  Forces	
  
π	
  –	
  π	
  Interac2ons	
  

Protein	
  Modeling,	
  Protein-­‐Drug	
  Modeling	
  



Πηγή:	
  World	
  Health	
  Organiza+on	
  	
  

Normally	
  they	
  are	
  small	
  organic	
  molecules	
  
-­‐ 	
  Therapy	
  
-­‐ 	
  Relief	
  
-­‐ 	
  PrevenDon	
  
-­‐ 	
  Quality	
  of	
  life	
  improvement	
  
-­‐ 	
  Life	
  expectancy	
  prolongaDon	
  

Paracetamol	
  (Depon)	
   Aspirin	
  

Life	
  expectancy	
  map	
  

Drugs	
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Phases	
  of	
  Pharmaceu+cal	
  Development	
  

Target	
  
Iden+fica+on	
  

Target	
  
Valida+on	
  

Lead	
  
Iden+fica+on	
  

Lead	
  	
  
Op+miza+on	
  

Target	
  discovery	
   Lead	
  discovery	
  

Clinical Phases (I-III) 

Duration: 12 – 15 years, Cost: ~ 1 billion US $  

1-­‐2	
  ligands	
  will	
  enter	
  
Clinical	
  Trials	
  

Few	
  selected	
  ligands	
  as	
  
poten+al	
  drugs	
  

FDA	
  
Approval	
  

28	
  million	
  ligands	
  
currently	
  known	
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Tradi+onal	
  Drug	
  Discovery	
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•  Random screening of hundreds of thousands of molecules 
  with High Throughput Screening (HTS) for combating the pathogen 
 
•  Random discoveries (i.e. penicillin, viagra) 

•  Trying out existing drugs and modifications 

•  Es+mated	
  number	
  of	
  small	
  molecules	
  
that	
  can	
  act	
  as	
  drugs	
  

1066 

1050  •   Es+mated	
  number	
  of	
  atoms	
  in	
  the	
  	
  
	
  	
  	
  	
  world	
  
	
  

Structure-­‐based	
  approaches	
  +	
  Targeted	
  Therapy	
  



 Drug Discovery 

Curr	
  Opin	
  Drug	
  Discov	
  Devel.	
  2002	
  May;	
  5(3):	
  355–360	
  	
  

Rational 
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Ra4onal	
  Drug	
  Discovery	
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TARGETED	
  THERAPY!	
  

q  IdenDfy	
  important	
  genes	
  for	
  a	
  diseases	
  
q  TargeDng/inacDvaDng	
  genes	
  (proteins)	
  of	
  the	
  pathogen	
  with	
  small	
  

molecules	
  =	
  drugs	
  



The	
  era	
  of	
  Personalized	
  Medicine	
  
Lung Cancer 

carcinogenesis 

4% of patients with  
non-small cell lung carcinoma 

Rearrangement in ALK protein 

genotyping 

Crizotinib for ALK+  
lung cancer patients 

Drug design for this specific 
subset of patients 



New	
  Approaches	
  in	
  Drug	
  Design	
  and	
  Discovery	
  Workshop	
  –	
  Zoe	
  Cournia	
  

Chiang	
  and	
  Million,	
  Nature	
  2011	
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Personalized	
  Medicine:	
  new	
  drug	
  genera+on	
  



Crizo+nib	
  (Xalkori,	
  Pfizer)	
  
Structure	
  of	
  the	
  anaplasDc	
  lymphoma	
  kinase	
  (ALK)	
  	
  
Complexed	
  with	
  the	
  drug	
  crizoDnib	
  –	
  (PDB	
  ID:	
  2XP2)	
  

Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  

Protein-­‐Ligand	
  interacDons:	
  
	
  

Intermolecular	
  InteracDons	
  
(Enthalpy)	
  

	
  

Hydrogen	
  Bonds	
  
Electrosta2c	
  Interac2ons	
  
van	
  der	
  Waals	
  Forces	
  
π	
  –	
  π	
  Interac2ons	
  

	
  
Entropy	
  

	
  



ElectrostaDc	
  InteracDons	
  

van	
  der	
  Waals	
  Forces	
  
π	
  –	
  π,	
  caDon	
  -­‐	
  π	
  interacDons	
  
	
  
	
  

Intermolecular	
  Interac+ons	
  

Ζωή	
  Κούρνια	
  –	
  Ακαδημία	
  Αθηνών	
  

Hydrogen	
  Bonds	
  

-­‐	
   +	
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Molecular	
  Simula+ons?	
  

Nobel	
  Prize	
  in	
  Chemistry	
  2013	
  

Ζωή	
  Κούρνια	
  –	
  Ακαδημία	
  Αθηνών	
  Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
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MD	
  Simula+ons	
  study	
  structure	
  +	
  dynamics	
  

	
  Is	
  there	
  a	
  fast	
  and	
  efficient	
  way	
  to	
  study	
  the	
  structure	
  and	
  dynamics	
  
of	
  biomolecules	
  in	
  atomic-­‐level	
  detail?	
  	
  

Molecular	
  Dynamics	
  simulaDons	
  	
  

Step	
  3.	
  Macroscopic	
  proper+es	
  
can	
  be	
  expressed	
  through	
  v	
  and	
  
r	
  via	
  sta4s4cal	
  mechanics	
  

System	
  of	
  interest	
  

Step	
  1.	
  Model	
  the	
  poten+al	
  energy	
  and	
  use	
  coordinates	
  from	
  experimental	
  
structures	
  and	
  assign	
  ini+al	
  veloci+es	
  (Etotal	
  =	
  Epoten+al	
  +	
  Ekine+c)	
  	
  
	
  

Step	
  2.	
  Integrate	
  Newton’s	
  second	
  law	
  and	
  get	
  the	
  new	
  veloci+es	
  (v)	
  of	
  the	
  
system	
  and	
  the	
  new	
  coordinates	
  (r)	
  of	
  the	
  atoms	
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Anton	
  (ASIC)	
  	
  

Examples	
  of	
  MD	
  simula+ons	
  of	
  proteins	
  

Shan	
  et	
  al	
  (2011)	
  
Cancer	
  drug	
  dasaDnib	
  	
  binding	
  on	
  Src	
  kinase	
  

(Cray)	
  

Schulten	
  et	
  al	
  (2012)	
  
Folding	
  of	
  the	
  Villin	
  Headpiece	
  protein	
  



intermolecular	
  
interac+ons	
  

intramolecular	
  
nonbonded	
  

torsional	
  

bond	
  stretch	
  

valence	
  angle	
  
bend	
  

The	
  Poten+al	
  Energy	
  Func+on	
  (Force	
  Field)	
  

bondednonbonded EEV −+=)(r
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The	
  energy	
  of	
  the	
  system	
  is	
  represented	
  by	
  the	
  Hamiltonian:	
   )(
2
1 2 rv VmVKH +=+=



n  Molecules undergo vibrational motion, which is modeled as a 
harmonic potential according to HOOKE’s law 

  
n        represents the force constant and      represents the equilibrium 

value around which the bond oscillates 

n  This harmonic potential is valid only for deviations of 0.1 Å or less 

Modeling	
  the	
  Poten+al	
  E:	
  Bond	
  stretch	
  poten+al	
  

Zoe	
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  –	
  Academy	
  of	
  Athens	
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n  The Morse term is more accurate, however it is generally not used in 
MD simulations since it requires 3 parameters to be specified for 
each bond 

 

n  The Morse potential would allow a bond to stretch to an unrealistic 
length and break 

Morse potential for a C-H bond Harmonic potential for a C-H bond 
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Harmonic	
  vs	
  Morse	
  poten+al	
  



n  Describe the deviation from an ideal bond angle geometry 

n     Kθ  represents the angle bending constant, θ0 represents the 
deviation from the ideal bond angle 

Bond	
  angle	
  poten+als	
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n  This terms models the steric barrier between atoms separated by 3 
covalent bonds 

n  The motion associated is rotation, described by a dihedral angle 
around the middle bond 

n  The potential is assumed to be periodic and expressed as a cosine 
function 

n   Kφ  represents rotation constant, n represent the periodicity of the 
rotational barrier and φ the dihedral angle 

Torsion	
  angle	
  poten+als	
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n  Electrostatic interaction decays slowly with distance, considered 
long range interactions. Can be modeled by Coulomb’s law. 

n   rij  represents the distance between two atoms having charges qi   
and qj 

n  ε0 represents the vacuum permittivity, a number relating the ability of 
a material to carry current 

Electrosta+c	
  interac+ons:	
  The	
  Coulomb	
  poten+al	
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VdW energy best described by 
a Lennard-Jones potential 

The	
  van	
  der	
  Waals	
  poten+al:	
  Lennard-­‐Jones	
  

n  Expresses the interaction energy between two atoms 
n  Contains an attractive part and a repulsive part 
n  Attractive forces due to London forces (dipole –dipole interaction) 
n  Repulsive part due to Pauli-exclusion principle and inter-nuclear repulsion 
n  ε is the depth of the potential well, σ is the finite distance at which the 

inter-particle potential is zero 
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The	
  Poten+al	
  Energy	
  Func+on	
  (Force	
  Field)	
  

)(
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Energy	
  minimiza+on	
  of	
  the	
  poten+al	
  E	
  func+on	
  

n  Prior	
  to	
  star+ng	
  a	
  simula+on	
  it	
  is	
  advisable	
  to	
  do	
  energy	
  minimiza+on	
  
n  Useful	
  in	
  correc+ng	
  flaws	
  such	
  as	
  steric	
  clashes	
  between	
  atoms	
  and	
  distorted	
  

bond	
  angles/lengths	
  
n  Goal	
  of	
  energy	
  minimiza+on	
  is	
  to	
  find	
  the	
  local	
  energy	
  minimum	
  to	
  start	
  an	
  MD	
  

simula+on	
  from	
  a	
  realis+c	
  structure	
  or	
  to	
  perform	
  normal	
  mode	
  analysis	
  to	
  
analyze	
  the	
  system	
  vibra4ons	
  at	
  the	
  energy	
  minimum	
  

Most	
  common	
  minimiza+on	
  
algorithms	
  use	
  deriva+ves	
  of	
  the	
  
energy	
  with	
  respect	
  
to	
  the	
  coordinates	
  to	
  predict	
  the	
  
loca+on	
  of	
  the	
  closest	
  minimum.	
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Applica+on	
  of	
  E	
  min:	
  Normal	
  Mode	
  Analysis	
  

Normal	
  modes	
  are	
  characterisDc	
  vibraDons	
  of	
  a	
  system’s	
  structure	
  around	
  a	
  local	
  
energy	
  minimum.	
  In	
  molecular	
  mechanics,	
  bonds	
  are	
  represented	
  as	
  springs.	
  

•  Characteris+c	
  Vibra+ons	
  

•  Harmonic	
  Poten+al	
  

•  At	
  the	
  poten+al	
  minimum	
  

•  Orthogonal	
  normal	
  modes	
  

•  Conforma+onal	
  fluctua+on	
  =	
  a	
  superposi+on	
  of	
  normal	
  modes	
  

Water	
  normal	
  modes	
  



)(
2
1 2 rv VmVTH +=+=

Molecular	
  Dynamics	
  Simula+ons	
  
 	
  	
  Born	
  –	
  Oppernheimer	
  Approxima+on	
  

 	
  	
  The	
  molecular	
  dynamics	
  simula+on	
  is	
  based	
  on	
  Newton’s	
  law	
  of	
  mo+on:	
  
F=ma	
  

 	
  	
  By	
  knowing	
  the	
  force	
  that	
  is	
  ac+ng	
  on	
  each	
  atom	
  it	
  is	
  possible	
  to	
  determine	
  
the	
  accelera+on	
  of	
  each	
  atom.	
  	
  

 	
  	
  Integra+on	
  of	
  the	
  equa+on	
  yields	
  a	
  trajectory	
  that	
  describes	
  the	
  posi+ons,	
  
veloci+es	
  and	
  accelera+on	
  of	
  each	
  atom	
  as	
  they	
  are	
  varied	
  with	
  +me	
  

 	
  	
  Once	
  the	
  posi+ons	
  and	
  veloci+es	
  of	
  each	
  atom	
  are	
  known,	
  the	
  state	
  of	
  the	
  
system	
  can	
  be	
  predicted	
  at	
  any	
  +me	
  

 	
  	
  Energy	
  of	
  the	
  system:	
  

 	
  	
  Ini+al	
  coordinates	
  are	
  taken	
  from	
  experimental	
  structures	
  and	
  veloci+es	
  from	
  
a	
  distribu+on,	
  e.g.	
  Maxwell-­‐Boltzmann	
  



n  Ini+al	
  coordinates	
  are	
  taken	
  from	
  experimental	
  structures	
  and	
  veloci+es	
  from	
  
a	
  distribu+on,	
  e.g.	
  Maxwell-­‐Boltzmann	
  

n  Newton’s equation of motion 

n  The force can be written as the gradient of the potential energy 

n  Combine the two equations to get 

n  A trajectory is obtained by solving this differential equation 

MD	
  Formalism	
  

2

2

dt
dmm i

iiii
raF ==

)(rF Vii −∇=

2

2)(
dt
dm

d
dV i

i
r

r
r

−=
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V	
  



n  The potential energy is a function of the atomic positions of all the 
atoms in the system. 

n  Due to this complexity there is no analytical solution 

n  Use algorithms to obtain the positions, velocities, accelerations at a 
later time t + δt to a sufficient degree of accuracy 

n  δt is limited by the fastest vibration of the system, ie. the C-H bond 
(δt = 1 fs = 10-15 s)  

n  An estimate of the positions, velocities, etc may be obtained with 
Taylor’s expansion 

How	
  to	
  integrate	
  Newton’s	
  equa+on	
  of	
  mo+on?	
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new position old position old velocity acceleration 

new velocity old velocity acceleration 



Examples	
  of	
  numerical	
  algorithms:	
  Verlet	
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n  Common use is the VERLET algorithm. 
n  For a differential equation of second order of the type 
with initial conditions r(t0) = r0 and                  , an approximate numerical 
 

solution rn ≈ r(tn) at the times tn = t0 + nδt may be obtained by the method: 
 

n   set r1 = r0 + v0δt + ½ V(r0)δt2 

n   for n = 1,2 iterate: 
       rn+1 = 2rn – rn-1 + v(rn)δt2 

 

q  In MD, each position is determined from the current position and position at 
time t – δt 

q  Vecocities calculated from 

t
ttttt

δ
δδ

2
)()()( −−+

=
rrv
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td rr
=
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0)( vr
=

dt
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Molecular	
  Dynamics	
  Simula+ons	
  

,	
  v	
  

n  Integration broken down to many small stages: δt 
n  The total force on each particle in the configuration at a time t is the 

vector sum of its interactions with other particles. 
n  From the force determine the acceleration of the particles and 

combine it with positions and velocities at time t to calculate at time t
+δt 

n  The force is constant during the time step 
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  Academy	
  of	
  Athens	
  



Sta+s+cal	
  Ensembles	
  &	
  Phase	
  Space	
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A	
  sta4s4cal	
  ensemble	
  is	
  a	
  set	
  of	
  microscopic	
  states	
  corresponding	
  to	
  a	
  given	
  
macroscopic	
  state.	
  	
  

A	
  thermodynamic	
  ensemble	
  is	
  in	
  sta+s+cal	
  equilibrium	
  and	
  is	
  used	
  to	
  derive	
  the	
  
proper+es	
  of	
  thermodynamic	
  systems	
  from	
  the	
  laws	
  of	
  classical	
  or	
  quantum	
  mechanics	
  

A	
  sta+s+cal	
  ensemble	
  is	
  a	
  set	
  of	
  representa+ve	
  representa+ve	
  
points	
  in	
  the	
  6N-­‐dimensional	
  phase	
  space.	
  
The	
  microstates	
  move	
  through	
  phase	
  space,	
  describing	
  a	
  
dynamic	
  trajectory	
  and	
  are	
  described	
  by	
  coordinates	
  and	
  
momenta	
  evolving	
  in	
  +me.	
  

Microcanonical,	
  NVE	
   Canonical,	
  NVT	
   Grand	
  Canonical,	
  μVT	
  



Sta+s+cal	
  Mechanics	
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Microscopic	
  Descrip+on	
   Macroscopic	
  Descrip+on	
  

Quantum	
  Mechanics:	
  
Eigenvalues	
  Ei	
  and	
  eigenfunc+ons	
  	
  
Ψ(r1,r2,…,rN)	
  of	
  Schrodinger’s	
  equa+on	
  
	
  
Molecular	
  Mechanics:	
  
Kine+c	
  and	
  Poten+al	
  energy	
  E(r,v)	
  

Thermodynamics:	
  
	
  
Rela+ons	
  for	
  the	
  system	
  at	
  
equilibrium	
  and	
  	
  
non-­‐equilibrium	
  states	
  

• 	
  Use	
  sta+s+cal	
  mechanics	
  to	
  derive	
  macroscopic	
  proper+es	
  from	
  the	
  microscopic	
  picture	
  



The	
  par++on	
  func+on	
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kT

j

i jie
n
n /)( εε −−=Boltzmann	
  law:	
  	
  

For	
  the	
  lowest	
  energy	
  state:	
  	
   kTenn i
i /1,0 == − ββε

∑ −=
ie

Nn βε0

∑ −

−

=
i

i

e
Neni βε

βε

ni,	
  nj	
  popula+ons	
  of	
  energy	
  states	
  

The	
  above	
  treatment	
  applies	
  to	
  quantum	
  sta+s+cal	
  mechanics	
  (discrete	
  eigenstates)	
  
In	
  classical	
  sta+s+cal	
  mechanics,	
  the	
  posi4on	
  and	
  momentum	
  variables	
  of	
  a	
  par+cle	
  can	
  vary	
  
con+nuously,	
  so	
  the	
  set	
  of	
  microstates	
  is	
  actually	
  uncountable.	
  	
  
Describe	
  the	
  parDDon	
  funcDon	
  using	
  an	
  integral	
  rather	
  than	
  a	
  sum.	
  

∑ −= ieq βε

ParDDon	
  funcDon	
  per	
  parDcle	
  

The	
  molecular	
  par++on	
  func+on	
  
determines	
  how	
  par+cles	
  distribute	
  
themselves	
  over	
  accessible	
  states	
  

Q 



Themodynamic	
  proper+s	
  are	
  a	
  func+on	
  of	
  Q	
  

Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  

V

QUU ⎟⎟
⎠

⎞
⎜⎜
⎝

⎛

∂

∂
−=−

β
ln

0 Qk
T
UUS ln0 +

−
=

Canonical	
  par++on	
  func+on,	
  N,V,E	
  constant	
  

i

i

ie
q
NE βε

ε
−

∑=

pq NN
NN dd
Nh

EVN
Nh

EVNQ 33
33 !
1),,(

!
1),,( ∫∑ ==

),,(ln),,( EVNQkEVNS B=

Thermodynamic	
  proper+es	
  can	
  be	
  derived	
  from	
  the	
  above,	
  e.g.	
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Connec+on	
  to	
  macroscopic	
  thermodynamics:	
  



Sta+s+cal	
  Ensembles	
  

NVE

H = K + V = total energy = constant

K= ∑
i

iivm 2

2
1

, V = ∑
ji

ijrU
,

)(

drj
dt = 

∂H
∂pj

 = vj , 
dpj

dt  = -
∂H
∂rj

 =- 
∂V
∂rj

 = Fj

NVT

H = K + V + Ks + Vs = constant

Ks = ½ Qps2

Vs =  (f + 1)kBT ln(s)

ps = conjugate momentum of thermostat
Q = conjugate mass
s = generalized coordinate of the thermostat
f = number of degrees of freedom
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• 	
  Goal:	
  To	
  simulate	
  ‘infinite’	
  system	
  

• 	
  Par+cles	
  experience	
  forces	
  as	
  if	
  they	
  were	
  in	
  
a	
  bulk	
  fluid	
  

• 	
  If	
  one	
  molecule	
  leaves	
  the	
  box	
  then	
  it	
  
	
  	
  is	
  replaced	
  by	
  an	
  image	
  par+cle	
  that	
  	
  
	
  	
  enters	
  from	
  the	
  opposite	
  side	
  

Periodic	
  Boundary	
  Condi+ons	
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Running	
  an	
  MD	
  simula+on	
  

Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  



Academy	
  of	
  Athens	
  

Case	
  Study:	
  
Targe2ng	
  the	
  mutated	
  PI3Kα	
  

12	
  December	
  2014	
  

Zoe	
  Cournia	
  
zcournia@bioacademy.gr	
  

Biomedical	
  Research	
  Founda+on	
  



PI3Kα	
  is	
  a	
  lipid	
  kinase	
  that	
  promotes	
  cell	
  survival	
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• 	
  Ac+ve	
  PI3Ka	
  phosphorylates	
  PIP2	
  to	
  PIP3	
  at	
  the	
  plasma	
  	
  
membrane.	
  

• 	
  PIP3	
  recruits	
  Akt	
  close	
  to	
  PDK1.	
  

• 	
  Co-­‐localiza+on	
  of	
  these	
  proteins	
  leads	
  to	
  phosphoryla+on	
  of	
  residues,	
  
which	
  in	
  turn	
  leads	
  to	
  prolifera+on,	
  growth,	
  survival.	
  

(Akt)	
  

Prolifera2on	
  
Metabolism	
  

Cell	
  Survival	
  

lipid	
  tail	
  

PIP2	
  

Fayard	
  et	
  al,	
  2010	
  



Huang	
  et	
  al.	
  (Science,	
  2007)	
  

80%	
  of	
  all	
  muta+ons:	
  
Glu545Lys	
  	
  	
  	
  	
  His1047Arg	
  

• 	
  Most	
  commonly	
  mutated	
  kinase	
  in	
  the	
  
human	
  genome	
  ⇒	
  cancer	
  

Mechanism	
  of	
  overacDvaDon?	
  
	
  

Mutant	
  and	
  isoform	
  specific	
  
therapies?	
  

MD	
  SimulaDons	
  
Virtual	
  screening	
  

Property	
  predicDon	
  
In	
  vitro	
  &	
  In	
  vivo	
  assays	
  

Lead	
  OpDmizaDon	
  

PI3Kα:	
  most	
  commonly	
  mutated	
  kinase	
  in	
  cancer	
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30%	
  of	
  breast	
  cancer	
  pa+ents	
  

• 	
  PI3Ka	
  is	
  a	
  membrane-­‐associated	
  lipid	
  kinase	
  

• 	
  Involved	
  in	
  cell	
  growth,	
  prolifera+on,	
  
differen+a+on	
  



The	
  H1047R	
  mutant	
  of	
  PI3Kα	
  opens	
  up	
  a	
  crevice	
  



MD	
  Simula+ons	
  of	
  WT	
  and	
  H1047R	
  PI3Kα	
  

Model	
  of	
  the	
  WT	
  p110a	
  subunit	
  
based	
  on	
  2RD0	
  X-­‐ray	
  structure	
  

Model	
  of	
  the	
  H1047R	
  p110a	
  subunit	
  
based	
  on	
  3HIZ	
  X-­‐ray	
  structure	
  

²  	
  WT	
  and	
  H1047R	
  PI3Kα	
  (modeling	
  of	
  p110α),	
  300K	
  atoms	
  
²  100-­‐150	
  ns	
  equilibra+on,	
  100	
  ns	
  produc+on	
  run,	
  NPT,	
  NAMD+CHARMM	
  
²   FIVE	
  independent	
  MD	
  simula+ons	
  of	
  each	
  protein	
  
²  Total	
  simula+on	
  +me	
  (~1μs)	
  

Zoe	
  Cournia,	
  Academy	
  of	
  Athens	
  –	
  From	
  Drug	
  Discovery	
  to	
  Drug	
  Delivery	
  2014	
   Zoe	
  Cournia,	
  BRFAA	
  Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  



•  Paralleliza+on	
  
•  (ge�ng	
  an	
  idea	
  of	
  the	
  level	
  of	
  computa+on	
  needed)	
  

•  For	
  every	
  +me	
  step,	
  every	
  atom	
  
must	
  communicate	
  within	
  its	
  cuF-­‐
off	
  radius	
  with	
  every	
  other	
  atom.	
  

•  A	
  lot	
  of	
  inter-­‐processor	
  
communica+on	
  that	
  can	
  be	
  scaled	
  
well	
  is	
  needed.	
  

MD	
  Simulator	
  requirements	
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•  Paralleliza+on	
  
•  (ge�ng	
  an	
  idea	
  of	
  the	
  level	
  of	
  computa+on	
  needed)	
  

•  Whole	
  System	
  is	
  broken	
  down	
  into	
  
boxes	
  (processing	
  nodes)	
  

•  Each	
  node	
  handles	
  the	
  bonded	
  
interac+ons	
  within	
  a	
  cutoff	
  

MD	
  Simulator	
  requirements	
  

Zoe	
  Cournia,	
  BRFAA	
  Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  

Patches

Computes



Access	
  to	
  HPC-­‐How	
  many	
  cores	
  should	
  be	
  used?	
  

Figure	
  2:	
  GROMACS	
  
performance	
  in	
  CURIE	
  Thin	
  
Nodes	
  for	
  a	
  system	
  of	
  2M	
  
par+cles.	
  
	
  



AcDvaDon	
  loop	
  

N-­‐lobe	
  
P-­‐loop	
  

CatalyDc	
  loop	
  

C-­‐lobe	
  

C-­‐terminus	
  His-­‐1047	
  

ATP	
  

Kinase	
  Domain	
  Organiza+on	
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Hydrogen	
  Bond	
  Analysis	
  

-­‐	
  The	
  Hbond	
  between	
  ac+va+on	
  loop	
  Leu956	
  and	
  His1047	
  breaks	
  
	
  

-­‐	
  The	
  α-­‐helix	
  of	
  H1047	
  par+ally	
  unfolds	
  in	
  the	
  presence	
  of	
  1047R	
  
	
  

-­‐	
  Displacement	
  of	
  Arg949	
  creates	
  a	
  different	
  Hbond	
  network	
  in	
  the	
  mutant,	
  which	
  
changes	
  the	
  ac+va+on	
  and	
  cataly+c	
  loop	
  posi+ons	
  	
  
	
  

	
  

WT	
   Mutant	
  

Yellow:	
  catalyDc	
  loop	
  
Orange:	
  acDvaDon	
  loop	
  
Magenta:	
  residue	
  1047	
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His-­‐917	
  points	
  away	
  from	
  the	
  acDve	
  site,	
  while	
  the	
  C-­‐terminus	
  prevents	
  
the	
  catalyDc	
  loop	
  from	
  reaching	
  the	
  ATP-­‐binding	
  site.	
  

SimulaDon	
  of	
  the	
  normal	
  protein	
  	
  

AcDvaDon	
  loop	
  
WIF	
  moDf	
  

CatalyDc	
  loop	
  
C-­‐terminus	
  

AcDvaDon	
  loop	
  
WIF	
  moDf	
  

CatalyDc	
  loop	
  
C-­‐terminus	
  



His-­‐917	
  points	
  towards	
  the	
  acDve	
  site,	
  while	
  the	
  C-­‐terminus	
  	
  does	
  not	
  
interfere	
  with	
  the	
  access	
  of	
  the	
  catalyDc	
  loop	
  to	
  the	
  ATP-­‐binding	
  site.	
  	
  

AcDvaDon	
  loop	
  
WIF	
  moDf	
  

CatalyDc	
  loop	
  
C-­‐terminus	
  

SimulaDon	
  of	
  the	
  mutated	
  protein	
  	
  



PI3Ka – membrane interactions 

Mandelker	
  	
  et	
  al.	
  (PNAS,	
  2009)	
  

• 	
  PI3Ka	
  binds	
  to	
  the	
  membrane	
  to	
  convert	
  
PIP2	
  to	
  PIP3	
  

• 	
  The	
  ac4va4on	
  of	
  the	
  His1047Arg	
  mutant	
  
takes	
  place	
  through	
  a	
  change	
  in	
  the	
  way	
  
p110a	
  interacts	
  with	
  the	
  cell	
  membrane	
  
(Mandelker	
  et	
  al,	
  2009).	
  
	
  

PI3Kα	
  –	
  membrane	
  interac+ons	
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• 	
  His1047Arg	
  mutant	
  has	
  a	
  2-­‐fold	
  increase	
  
in	
  lipid	
  kinase	
  ac+vity.	
  
	
  

• Mechanism	
  of	
  ac+on	
  of	
  mutant?	
   Gabelli	
  et	
  al.	
  (2009)	
  



SPR	
  experiment	
  

Neutravidin	
  

Liposomes	
  

FLOW	
  

PI3K	
  

P110α/p85	
  

6×6	
  array	
  	
  

SPR	
  chip	
  

The	
  SPR	
  experimental	
  setup	
  PI3Ka – membrane interactions SPR	
  Experiments	
  for	
  membrane-­‐protein	
  binding	
  

Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  

(Agianian	
  lab,	
  University	
  of	
  Thrace,	
  Greece)	
  

Experiments	
  &	
  SimulaDons	
  	
  
show	
  that	
  the	
  mutated	
  
protein	
  binds	
  more	
  to	
  cell	
  
membranes	
  than	
  the	
  
normal	
  one	
  



WT	
  

H1047R	
  

WT	
  
H1047R	
  RU	
  

100	
  

40	
  

0	
  

60	
  

20	
  

80	
  

40	
  

0	
  

60	
  

20	
  

Associa+on	
  
Dissocia+on	
  

ASSOCIATION	
  

RESIDUAL	
  BOUND	
  

Lipo	
  +	
  2%	
  PIP2	
  

Associa+on:	
  	
  level	
  of	
  binding	
  during	
  associa+on	
  
Residual	
  Bound:	
  	
  residual	
  protein	
  binding	
  to	
  the	
  membrane	
  a�er	
  buffer	
  injec+on	
  	
  

SPR	
  experiment	
  The	
  SPR	
  experimental	
  setup	
  PI3Ka – membrane interactions WT	
  vs	
  H1047R	
  membrane	
  binding	
  kine+cs	
  

(Agianian	
  lab,	
  University	
  of	
  Thrace)	
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SPR experiment The	
  SPR	
  experimental	
  setup	
  PI3Ka – membrane interactions Proposed	
  mechanism	
  of	
  H1047R	
  overac+va+on	
  

Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  

Gkeka	
  et	
  al,	
  PLOS	
  Comput	
  Biol	
  (2014)	
  



Does	
  this	
  binding	
  site	
  also	
  exist	
  in	
  the	
  mutant	
  form	
  and	
  can	
  it	
  be	
  
exploited	
  for	
  selecDve	
  drug	
  design?	
  	
  

Green:	
  Cluster	
  
conformaDon	
  from	
  MD	
  
Dots:	
  Predicted	
  binding	
  site	
  

Blue:	
  WT	
  Crystal	
  
Structure	
  by	
  Hon	
  et	
  al	
  
(2011)	
  

Binding	
  site	
  predicDon	
  on	
  
PI3Kα	
  representaDve	
  
structures	
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Binding	
  site	
  iden+fica+on	
  on	
  PI3Kα	
  conformers	
  



Drugs	
  bind	
  on	
  protein	
  pockets	
  through	
  
chemical	
  interac+ons	
  

Structure	
  of	
  the	
  anaplasDc	
  lymphoma	
  kinase	
  (ALK)	
  	
  
Complexed	
  with	
  the	
  drug	
  crizoDnib	
  –	
  (PDB	
  ID:	
  2XP2)	
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Protein-­‐Ligand	
  interacDons:	
  
	
  

Intermolecular	
  InteracDons	
  
(Enthalpy)	
  

	
  

Hydrogen	
  Bonds	
  
Electrosta2c	
  Interac2ons	
  
van	
  der	
  Waals	
  Forces	
  
π	
  –	
  π	
  Interac2ons	
  

	
  
Entropy	
  

	
  



Virtual	
  
Screening	
  

Compu+ng	
  protein-­‐drug	
  structure	
  

hCps://www.youtube.com/watch?v=u49k72rUdyc	
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Mutant-­‐specific	
  drugs	
  in	
  “allosteric”	
  pockets	
  

• Ac+ve	
  site	
  and	
  non-­‐
ATP	
  pocket	
  occupied	
  
by	
  PIK-­‐108	
  

• MD	
  simula+ons	
  of	
  
WT,	
  H1047R	
  apo	
  and	
  
holo	
  forms	
  (100ns	
  
produc+on	
  run)	
  

• Is	
  the	
  non-­‐ATP	
  
pocket	
  allosteric?	
  

• 	
  Can	
  we	
  discover	
  
allosteric	
  pockets	
  
with	
  simulaDons?	
  Hon et al, Oncogene (2011) 
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SPR	
  experiment	
  The	
  SPR	
  experimental	
  setup	
  PI3Ka – membrane interactions Assessment	
  of	
  allosteric	
  pockets	
  with	
  PCA	
  

PIK-­‐108	
  
pocket	
  



SPR	
  experiment	
  The	
  SPR	
  experimental	
  setup	
  PI3Ka – membrane interactions Correla+on	
  of	
  non-­‐ATP	
  pocket	
  mo+on	
  to	
  ac+ve	
  site?	
  

The	
  non-­‐ATP	
  pocket	
  mo+on	
  is	
  
NOT	
  correlated	
  to	
  the	
  mo+on	
  
of	
  the	
  ac+ve	
  site	
  

Gkeka	
  et	
  al.,	
  J	
  Phys	
  Chem	
  B	
  (2014)	
  

PosiDonal	
  covariance	
  matrix	
  (through	
  PCA)	
  



SPR	
  experiment	
  The	
  SPR	
  experimental	
  setup	
  PI3Ka – membrane interactions Is	
  the	
  non-­‐ATP	
  pocket	
  an	
  allosteric	
  site?	
  

Allosteric	
  inhibitors	
  bind	
  to	
  a	
  different	
  site	
  than	
  the	
  ac+ve	
  site	
  and	
  
influence	
  the	
  ac+ve	
  site	
  conforma+on.	
  	
  
	
  

SimulaDons	
  show	
  that	
  the	
  non-­‐ATP	
  pocket	
  is	
  not	
  allosteric	
  
How	
  can	
  we	
  measure	
  this	
  experimentally?	
  

	
  
• Compe44ve	
  inhibitors	
  of	
  the	
  ac+ve	
  site	
  will	
  be	
  influenced	
  by	
  high	
  ATP	
  

concentra+on	
  (they	
  will	
  lose	
  ac+vity)	
  
	
  

• Non-­‐compe4tve	
  (allosteric)	
  inhibitors	
  will	
  not	
  be	
  affected	
  by	
  a	
  high	
  ATP	
  
concentra+on	
  (they	
  will	
  not	
  lose	
  ac+vity)	
  

	
  =>	
  Perform	
  in	
  vitro	
  ac+vity	
  measurement	
  of	
  PI3Kα:	
  
	
  

• Low	
  ATP	
  (100uM)	
  
• High	
  ATP	
  (2mM)	
  

Zoe	
  Cournia,	
  BRFAA	
  Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  



Δοκιµασία παρουσία PI3KCA In	
  vitro	
  cell-­‐free	
  assay	
  with	
  cancer	
  liposomes	
  

Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  

Christoforidis	
  lab,	
  University	
  of	
  Ioannina,	
  in	
  vitro	
  assays	
  
Couladouros	
  lab,	
  University	
  of	
  Athens,	
  synthesis	
  of	
  PIK-­‐108	
  



SPR	
  experiment	
  The	
  SPR	
  experimental	
  setup	
  PI3Ka – membrane interactions The	
  IC50	
  of	
  PIK-­‐108	
  depends	
  on	
  ATP	
  concentra+on	
  
Perform	
  in	
  vitro	
  ac+vity	
  
measurement	
  of	
  PI3Ka:	
  
	
  
• Low	
  ATP	
  (100uM)	
  
• High	
  ATP	
  (2mM)	
  
	
  
• Compe44ve	
  inhibitors	
  of	
  the	
  
ac+ve	
  site	
  will	
  be	
  influenced	
  
by	
  high	
  ATP	
  concentra+on	
  
	
  
	
  
	
  

• 	
  PIK-­‐108	
  and	
  wortmannin	
  
drama+cally	
  change	
  IC50	
  with	
  
a	
  change	
  of	
  ATP	
  

• 	
  Wortmannin	
  is	
  	
  well-­‐known	
  
compe++ve	
  inhibitor	
  

• PIK-­‐108	
  is	
  a	
  compe22ve	
  
inhibitor	
  (not	
  allosteric)	
  

Gkeka	
  et	
  al.,	
  J	
  Phys	
  Chem	
  B	
  (2014)	
  (Christoforidis	
  lab,	
  U	
  Ioannina)	
  

Zoe	
  Cournia,	
  BRFAA	
  Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  



Virtual	
  screening	
  

6
9

Ligand	
  conformaDons	
  

SP	
  

XP	
  

	
  
	
  

(Top	
  Glide	
  ***Hits	
  	
  
based	
  on	
  G-­‐score)	
  

	
  

2,1	
  M	
  cmpds	
   24,000	
  cmpds	
  

40,000	
   10,000	
  

1,000	
  

Glide	
  Docking	
  &	
  Scoring	
  

30	
  compounds	
  purchased	
  and	
  assayed	
  in	
  vitro	
  

Database	
  1	
   Database	
  2	
  

Material	
  and	
  Methods	
  

Crystal	
  structure	
  

Molecular	
  Dynamics	
  

Cluster	
  conforma+ons	
  
from	
  trajectory	
  (RMSD)	
  

Binding	
  site	
  predic+on	
  and	
  
confirma4on	
  for	
  allosteric	
  

pockets	
  
(Q-­‐Site	
  Finder,	
  PCA)	
  

Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  

Binding	
  site	
  Predic+on	
   Virtual	
  Screening	
  

postprocessing	
  

Lionta	
  et	
  al,	
  Curr	
  Top	
  Med	
  Chem	
  (2014)	
  



  Library	
  docking	
  using	
  Glide	
  SP,	
  XP	
  
  1000	
  Top-­‐scored	
  XP	
  compounds	
  

Postprocessing	
  with	
  ChemBioServer	
  

  Calculate	
  ADME/tox	
  properDes	
  

  Check	
  for	
  bad	
  vdW	
  contacts	
  

  Hierarchical	
  Clustering	
  
  Affinity	
  PropagaDon	
  (exemplars)	
  

  VisualizaDon:	
  check	
  for	
  compound	
  

conformaDons	
  
hsp://bioserver-­‐3.bioacademy.gr/Bioserver/ChemBioServer/	
  

SPR	
  experiment	
  The	
  SPR	
  experimental	
  setup	
  PI3Ka – membrane interactions How	
  are	
  compounds	
  selected	
  for	
  assaying?	
  

Athanasiadis,	
  Cournia,	
  Spyrou,	
  Bioinforma4cs	
  (2012)	
  

Zoe	
  Cournia,	
  BRFAA	
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Pre/Postprocessing	
  with	
  ChemBioServer	
  

Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  1st	
  SC	
  Mee+ng	
  –	
  	
  20/04/2016	
   	
   	
   	
   	
  71	
  

ChemBioServer	
  post-­‐processes	
  virtual	
  screening	
  results	
  
	
  

	
  

Athanasiadis,	
  Cournia,	
  Spyrou,	
  	
  
Bioinforma4cs	
  (2012)	
  



Pre/Postprocessing	
  with	
  ChemBioServer	
  

hsp://bioserver-­‐3.bioacademy.gr/Bioserver/ChemBioServer/	
  

Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  



                                                                                                                                        

Clustering	
  and	
  molecular	
  similarity	
  

500-­‐	
  1,000	
  compounds	
  

Approximately	
  15	
  	
  
representaDve	
  clusters	
  

Similar	
  structures	
  and	
  properDes	
  ⇒	
  similar	
  acDvity	
  

200	
  exemplars	
  

Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  

VisualizaDon,	
  purchase	
  
~10	
  compounds	
  



In	
  vitro	
  cell-­‐free	
  assay	
  with	
  cancer	
  liposomes	
  

Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
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11-­‐fold	
  
selecDvity	
  of	
  the	
  
mutant	
  vs	
  the	
  
WT	
  

IC50	
  =	
  the	
  
concentra+on	
  of	
  
the	
  compound	
  
required	
  to	
  
inhibit	
  the	
  
protein	
  by	
  50%	
  



SPR	
  experiment	
  The	
  SPR	
  experimental	
  setup	
  PI3Ka – membrane interactions 

The	
  moDon	
  of	
  the	
  pocket	
  where	
  PI3K-­‐010	
  resides	
  IS	
  correlated	
  to	
  the	
  
moDon	
  of	
  the	
  acDve	
  site.	
  

721-­‐727	
  

Ile800	
  

Tyr836	
  

DRH	
  	
  

933-­‐958	
  

kα10	
  

human	
  WT	
  apo	
   human	
  mutant	
  apo	
  

Asn918	
  Asn918	
  

Hinge,	
  gate-­‐keeper	
   Hinge,	
  gate-­‐keeper	
  

AcDvaDon	
  loop	
  
Phe945,	
  Thr957,	
  Asp959,	
  Phe960	
  

AcDvaDon	
  loop	
  
Phe945,	
  Thr957,	
  Asp959,	
  Phe960	
  

Specificity,	
  adenine	
  pocket	
   Specificity,	
  adenine	
  pocket	
  

kα10	
  kα10	
  

Is	
  PI3K-­‐010	
  an	
  allosteric	
  (non-­‐compe++ve)	
  inhibitor?	
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Logit Log
IC50 = 40 µΜ

Low	
  ATP	
  (100μΜ):	
  
IC50	
  =	
  15	
  μM	
  

High	
  ATP	
  
(2mM):	
  
IC50	
  =	
  40	
  μM	
  

2	
  experiments	
  low	
  ATP,	
  4	
  experiments	
  high	
  ATP	
  	
  

Is	
  PI3K-­‐010	
  an	
  allosteric	
  (non-­‐compe++ve)	
  inhibitor?	
  

mutant	
  PI3Kα	
  

PI3K-­‐010	
  IC50	
  is	
  
not	
  influenced	
  
by	
  ATP	
  
concentraDon	
  
	
  
Could	
  be	
  
considered	
  
allosteric	
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2	
  experiments	
  low	
  ATP,	
  3	
  experiments	
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Logit Log 
IC50 = 75 µΜ

Low	
  ATP	
  
(100	
  μΜ)	
  

High	
  ATP	
  
(2mM)	
  

WT	
  PI3Kα	
  

Is	
  PI3K-­‐010	
  an	
  allosteric	
  (non-­‐compe++ve)	
  inhibitor?	
  



MTT	
  assay	
  on	
  mutant	
  and	
  WT	
  PI3Kα	
  	
  	
  

Mutant	
   Mutant	
   Mutant	
  
	
  

WT	
   mutant	
   mutant	
   mutant	
   WT	
  

• 	
  Mutant-­‐specific	
  inhibi+on	
  is	
  possible	
  
• IC50	
  WT	
  =	
  7uM	
  
• IC50	
  H1047R	
  =	
  1uM	
  
	
  

MM2012	
  –	
  Zoe	
  Cournia	
  Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  



Pharmacokine+c	
  experiments	
  on	
  PI3K-­‐010	
  

MM2012	
  –	
  Zoe	
  Cournia	
  Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  

Mean	
  blood	
  concentra4ons	
  of	
  PI3K010	
  in	
  corn	
  
oil	
  following	
  oral	
  dosing	
  in	
  mice	
  (10	
  mg/Kg).	
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Stability	
  of	
  compound	
  PI3K010	
  in	
  cell	
  
condi4oned-­‐	
  medium	
  

(Tamvakopoulos	
  lab,	
  BRFAA)	
   Cmax	
  of	
  396	
  ng/mL	
  (~	
  1	
  μM)	
  	
  
4	
  h	
  post-­‐dose	
  -­‐	
  average	
  concentra+ons	
  	
  
of	
  100	
  ng/mL	
  (~	
  0.3	
  μM).	
  	
  



(D.	
  Stellas,	
  Klinakis	
  &	
  Efstra+adis	
  labs)	
  

MM2012	
  –	
  Zoe	
  Cournia	
  BRFAA–	
  Academy	
  of	
  Athens	
  

Preclinical	
  study	
  of	
  PI3K-­‐010	
  (xenogra�s)	
  

PI3K010	
  in	
  corn	
  oil	
  following	
  oral	
  
dosing	
  in	
  mice	
  (100	
  mg/Kg).	
  	
  

HCC1954	
  (H1047R	
  PI3Kα	
  mutant)	
  
Solvent	
  

PI3K-­‐021	
  

PI3K-­‐010	
  

MDA-­‐231-­‐MB	
  (PI3Kα	
  WT)	
  

Tumor	
  weight	
  

	
  
	
  

Solvent	
  
PI3K-­‐021	
  
PI3K-­‐010	
  

Solvent	
  

PI3K-­‐021	
  

PI3K-­‐010	
  

Tumor	
  weight	
  



	
  
	
  
	
  
	
  	
  	
  	
  	
  
	
  

Lead	
  op+miza+on	
  of	
  PI3K-­‐010	
  

Solubility	
  issues	
  with	
  PI3K-­‐021	
  

Op+miza+on	
  of	
  pchem	
  proper+es	
  

Synthesis	
  of	
  analogs	
  
Compound	
  PI3K-­‐021	
  
In	
  vitro	
  cell-­‐free	
  assay	
  
IC50	
  WT:	
  >	
  1000	
  µM	
  
IC50	
  Mutant:	
  13.5	
  µM	
  
SelecDvity	
  >	
  100	
  fold	
  

MM2012	
  –	
  Zoe	
  Cournia	
  Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  

Couladouros	
  lab,	
  University	
  of	
  Athens,	
  synthesis	
  



Huang	
  et	
  al.	
  (Science,	
  2007)	
  
80%	
  of	
  all	
  muta+ons:	
  
Glu545Lys	
  	
  	
  	
  	
  His1047Arg	
  

• 	
  Most	
  commonly	
  mutated	
  kinase	
  in	
  the	
  
human	
  genome	
  ⇒	
  cancer	
  

Mechanism	
  of	
  overacDvaDon?	
  
	
  

Mutant	
  and	
  isoform	
  specific	
  
therapies?	
  

MD	
  SimulaDons	
  
Virtual	
  screening	
  

Property	
  predicDon	
  
In	
  vitro	
  assays	
  

Lead	
  OpDmizaDon	
  

PI3Kα:	
  most	
  commonly	
  mutated	
  kinase	
  in	
  cancer	
  

Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  

30%	
  of	
  breast	
  cancer	
  pa+ents	
  

• 	
  PI3Ka	
  is	
  a	
  membrane-­‐associated	
  lipid	
  kinase	
  

• 	
  Involved	
  in	
  cell	
  growth,	
  prolifera+on,	
  
differen+a+on	
  

Millet	
  et	
  al.	
  (Oncotarget,	
  2014)	
  



PI3Kα	
  E545K	
  proposed	
  mechanism	
  of	
  ac+va+on	
  

Burke, et. al., PNAS, 2012 
Lee, et. Al. Science, 2007 

Glu545 is located precisely where the phosphopeptide binds to nSH2. 
Glu545Lys changes the charge-charge interactions of the nSH2-helical 
domains leading to enzyme overactivation. 

Phosphopeptides bind to the nSH2 domain and release 
the inhibitory contact thus activating the protein  

Phosphopeptide binding 
nsh2 detachment 
=> activation 

Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  



System	
  size:	
  	
  
355.000	
  atoms	
  	
  
(1344	
  a.a	
  +	
  water+ions)	
  

Crystal	
  structure	
  of	
  E545K	
  
mutant	
  not	
  available	
  
=>	
  Muta+on	
  of	
  WT	
  (PDB	
  ID:	
  
4OVU)	
  residue	
  545	
  to	
  Lysine	
  

PI3Kα	
  WT	
  and	
  E545K	
  mutant	
  MD	
  simula+ons	
  

Zoe	
  Cournia,	
  BRFAA	
  Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  



RMSF	
  of	
  the	
  E545K	
  regulatory	
  domain	
  

Regulatory	
  Domain	
  

WT	
  (black)	
  
Mutant	
  (red)	
  

 
nSH2	
  

Zoe	
  Cournia,	
  BRFAA	
  Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  



Map	
  of	
  Distance	
  
Fluctua+ons	
  (MDF)	
  

Aij= <(dij -<dij>)²> 
 

dij	
  is	
  the	
  +me	
  dependent	
  distance	
  between	
  
Calpha	
  of	
  residue	
  i-­‐j	
  

A
r
g
 
3
4
0The	
  A	
  matrix	
  is	
  used	
  to	
  characterize	
  

the	
  elas+city	
  of	
  a	
  protein	
  undergoing	
  
structural	
  fluctua+ons	
  
	
  
Trajectories	
  projected	
  on	
  the	
  first	
  10	
  
PCs	
  (Ca)	
  

Good	
  communica+on	
  between	
  
residues	
  à	
  if	
  the	
  dij	
  fluctuates	
  less	
  
(black)	
  

Morra	
  et	
  al,	
  PLOS	
  Comp	
  Biol,	
  Colombo	
  lab	
  (2012)	
  	
  



Enhanced	
  Flexibility	
  of	
  nSH2,	
  kinase,	
  helical	
  regions	
  	
  

RMSF	
  calcula+ons	
  showed	
  
enhanced	
  flexibility	
  of	
  	
  
	
  
nSH2	
  
Kinase	
  
Helical	
  regions	
  
	
  
in	
  accordance	
  to	
  HDX	
  
experiments	
  	
  
	
  
(Burke	
  et	
  al	
  2015)	
  
	
  

Zoe	
  Cournia,	
  BRFAA	
  Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  



Dynamical	
  Network	
  Analysis	
  

Zoe	
  Cournia,	
  BRFAA	
  Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  

Dynamical	
  network	
  
analysis	
  showed	
  
that	
  cri+cal	
  nodes	
  of	
  
communica+on	
  
between	
  helical,	
  
kinase	
  and	
  nSH2	
  are	
  
clustered	
  around	
  
the	
  muta+on:	
  	
  
	
  
537,	
  539-­‐542,	
  544,	
  
and	
  547	
  	
  

(Seth	
  et	
  al,	
  2012)	
  



Zoe	
  Cournia,	
  BRFAA	
  Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  

Proposed	
  mechanism	
  of	
  ac+va+on	
  

•  Breaking	
  of	
  crucial	
  hydrogen	
  
bonds	
  between	
  nSH2	
  and	
  helical	
  
domains	
  

•  Enhanced	
  flexibility	
  of	
  certain	
  
areas	
  of	
  the	
  nSH2,	
  helical	
  and	
  
iSH2	
  domains,	
  in	
  agreement	
  with	
  
HDX	
  experiments	
  

•  Map	
  od	
  distance	
  fluctua+ons	
  
indicates	
  significant	
  loss	
  of	
  
communica+on	
  between	
  the	
  
regulatory	
  and	
  cataly+c	
  subunits	
  
of	
  the	
  kinase	
  

•  Dynamical	
  netowrk	
  analysis:	
  
cri+cal	
  nodes	
  :	
  537,	
  539-­‐542,	
  
544,	
  and	
  547	
  	
  

•  Cataly+c	
  loop	
  freezes	
  in	
  an	
  
ac+ve	
  conforma+on	
  a�er	
  the	
  
huge	
  conforma+onal	
  change	
  

	
  	
  
Leon4adou	
  &	
  Cournia,	
  submiFed	
  





WT Mutant 
• 	
  Cluster	
  analysis	
  was	
  performed	
  

• 	
  Binding	
  site	
  predicDon	
  on	
  cluster	
  representaDves.	
  

• 	
  Binding	
  caviDes	
  discovered	
  in	
  a	
  region	
  close	
  to	
  the	
  mutaDon	
  site	
  	
  

• 	
  Screening	
  (Glide	
  docking,	
  Maybridge)	
  was	
  performed	
  in	
  the	
  discovered	
  	
  	
  
	
  	
  cavity	
  for	
  the	
  WT	
  and	
  Mutant	
  

Binding	
  Site	
  Predic+on	
  on	
  WT	
  and	
  E545K	
  

Blue first cluster 
Red second cluster 
Green third cluster 

Zoe	
  Cournia,	
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  Academy	
  of	
  Athens	
  



	
  
	
  
	
  
	
  	
  	
  	
  	
  
	
  

Virtual	
  Screening	
  of	
  the	
  Maybridge	
  Database	
  

  Docking of compounds using Glide 

      - SP (faster – first filtering)  

      - XP (more accurate) 

Hydrogen bonds, vdW, electrostatics, 

strain in protein and ligand, 

hydrophobic effect 

  Calculate ADME/tox/pchem properties 

  Metabolic liabilities 

  Check for compound conformations 

  Clustering based on similarity 20	
  

Zoe	
  Cournia,	
  BRFAA	
  Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  



	
  
	
  
	
  
	
  	
  	
  	
  	
  
	
  

545K BRF-015 

p110a, catalytic subunit 

p85a 
regulatory subunit 

Zoe	
  Cournia,	
  BRFAA	
  Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  

Targe+ng	
  the	
  p110a	
  +	
  p85a	
  interface	
  



In	
  vitro	
  cell-­‐free	
  assay	
  with	
  cancer	
  liposomes	
  

Zoe	
  Cournia,	
  BRFAA	
  Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  

Achieved	
  selec2ve	
  inhibi2on	
  of	
  E545K	
  mutant	
  	
  
Ac2vity	
  is	
  in	
  mid-­‐μΜ	
  range	
  =>	
  need	
  for	
  lead	
  op2miza2on	
  

Christoforidis	
  lab,	
  U	
  Ioannina	
  



In	
  vitro	
  cell-­‐free	
  assay	
  with	
  cancer	
  liposomes	
  

Zoe	
  Cournia,	
  BRFAA	
  Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  

E545K	
  PI3Ka	
   WT	
  PI3Ka	
  

Christoforidis	
  lab,	
  U	
  Ioannina	
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Mind	
  the	
  Gaps	
  

Molecular & 
Macromolecular 

Sub-Cellular Cell Tissue 

Challenge areas define the future of 
computational chemistry & biophysics 

	
  	
  
Sp
aD

al
	
  a
nd

	
  	
  
Te
m
po

ra
l	
  	
  
Sc
al
es
	
  

e.g., Can we understand the drug target in its real environment? 
Can we understand the molecular and chemical mechanisms underlying 

disease? 
Source:	
  adapted	
  from	
  Prof.	
  Rommie	
  Amaro	
  



S.	
  J.	
  Marrink	
  et	
  al.,	
  J.	
  Phys.	
  Chem.	
  B,	
  vol.	
  111,	
  pp.	
  7812-­‐7824,	
  2007.	
  

130	
  atoms	
  

DPPC	
  lipid	
  

12	
  par+cles	
  

V = Vbond + Vangle + Vid + ULJ + Uel 

Q	
  -­‐	
  charged	
  

N	
  -­‐	
  	
  nonpolar	
  

C	
  -­‐	
  	
  apolar	
  

P	
  -­‐	
  	
  polar	
  	
  
18	
  subtypes	
  
-­‐  Hydrogen	
  bond	
  capabili+es:	
  d,	
  a,	
  da,	
  0	
  
-­‐  Degree	
  of	
  polarity:	
  1,	
  low….	
  5,	
  high	
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Coarse-­‐graining	
  membranes:	
  MARTINI	
  	
  FF	
  



Lipid	
  bilayer	
  forma+on	
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Three	
  lipid	
  bilayer	
  phases	
  observed	
  with	
  CG-­‐MD	
  

Liquid-­‐ordered	
  	
  
T=323K	
  
50%	
  mol.	
  chol.	
  

Gel	
  	
  phase	
  (T=290K,	
  10%	
  mol.	
  chol.)	
   Liquid	
  phase	
  (T=323K,	
  0%	
  mol.	
  chol.)	
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Nanopar+cle	
  applica+ons	
  in	
  medicine	
  

Targeted	
  Drug	
  Delivery	
  

Nanopar+cle	
  albumin-­‐bound	
  paclitaxel	
  (Abraxane®)	
  
hCp://www.abraxane.com/	
  

An+cancer	
  drugs	
  covalently	
  conjugated	
  to	
  gold	
  nanopar+cles	
  



The	
  fully	
  hydrophobic	
  nanopar+cle	
  

0	
  ns	
   114	
  ns	
   115	
  ns	
  

117	
  ns	
  116	
  ns	
   2000	
  ns	
  



The	
  “hairy”	
  nanopar+cle	
  

Verma	
  et	
  al.	
  Nature	
  Materials	
  2008	
   Gkeka	
  et	
  al.	
  PLOS	
  Comput	
  Biol	
  2014	
  

Evi	
  Gkeka	
  



Higher	
  cholesterol	
  	
  concentra+on	
  leads	
  to	
  	
  higher	
  energy	
  barrier	
  for	
  inser+on	
  
The	
  effect	
  of	
  cholesterol	
  on	
  NP	
  inser+on	
  	
  

6	
  different	
  membrane	
  cholesterol	
  concentraDons:	
  0%,	
  10%,	
  20%,	
  30%	
  ,	
  40%,	
  and	
  
50%	
  	
  

Verma	
  et	
  al.	
  Nature	
  Materials	
  2008	
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Bil	
  

	
  Measure	
  the	
  bilayer	
  thickness	
  at	
  the	
  area	
  of	
  NP	
  penetra+on	
  and	
  in	
  the	
  bulk	
  lipid	
  
bilayer	
  	
  

Bilayer	
  
Thickness	
  

NP	
  is	
  thinning	
  the	
  membrane	
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NP-­‐NP	
  interface	
  in	
  the	
  cell	
  membrane	
  

A	
  water	
  pore	
  is	
  formed	
  at	
  the	
  NP-­‐NP	
  interface	
  

Water	
  and	
  ions	
  lie	
  at	
  
the	
  interface	
  between	
  
the	
  two	
  NPs	
  	
  	
  

The	
  snorkeling	
  effect	
  
is	
  s+ll	
  evident	
  at	
  the	
  
side	
  of	
  the	
  NP	
  that	
  is	
  
interac+ng	
  with	
  the	
  
cell	
  membrane	
  

NC3	
  	
   hydrophobic	
  tails	
   cholesterol	
  polar	
  ligand	
  ends	
   water	
   ions	
  

Evi	
  Gkeka	
  



Higher	
  cholesterol	
  	
  concentra+on	
  leads	
  to	
  	
  higher	
  energy	
  barrier	
  for	
  inser+on	
  
Nanopar+cles	
  as	
  drug	
  delivery	
  systems	
  

Angelikopoulos	
  et	
  al.	
  submiCed	
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Targe+ng	
  membranes/membrane	
  interfaces	
  for	
  
computer-­‐aided	
  drug	
  design	
  and	
  drug	
  delivery	
  

AT1	
  receptor	
   M2TM	
  Influenza	
  A	
   NPs	
  as	
  drug	
  delivery	
  systems	
  

BBA	
  -­‐	
  Biomembranes	
  (2014)	
   J	
  Chem	
  Theor	
  Comput	
  (2013)	
   Plos	
  Comput	
  Biol	
  (2014)	
  

MM2012	
  –	
  Zoe	
  Cournia	
  Zoe	
  Cournia	
  –	
  Academy	
  of	
  Athens	
  



80.36	
  

374.25	
  

487.83	
  

555.15	
  

0.00	
   100.00	
   200.00	
   300.00	
   400.00	
   500.00	
   600.00	
  

2xE5-­‐2697v4	
  CPU	
  (36	
  Cores)	
  

1X	
  GTX-­‐Titan-­‐X	
  

2X	
  GTX-­‐Titan-­‐X	
  

4X	
  GTX-­‐Titan-­‐X	
  

Performance	
  (ns/day)	
  

DHFR	
  HMR	
  4fs	
  23,558	
  Atoms	
  

109	
  

2	
  x	
  $2800	
  CPUs	
  

1	
  x	
  $1000	
  GPU	
  

The	
  new	
  era:	
  GPU	
  accelera+on	
  



Historical	
  Single	
  Node	
  /	
  Single	
  GPU	
  
Performance	
  

Credit:	
  Professor	
  Ross	
  Walker,	
  UCSD	
  SupercompuDng	
  Center,	
  AMBER	
  developer	
  



CK-666, IC50 = 12µM 

GPU	
  Accelera+on:	
  Example	
  on	
  Drug	
  Design	
  

ChrisDna	
  Athanasiou	
  



∆∆Gbinding =∆G2 - ∆G1=∆GA - ∆GB 
ΔGA and ΔGB are the free energies of transfer of A and B from the unbound to the bound state.  
ΔG1 and ΔG2 are the free energy differences of the mutation of A into B in solvent and  bound to 
protein 

Free	
  Energy	
  Perturba+on	
  Calcual+ons	
  



FEP:	
  GPU	
  Accelera+on	
  

FEP	
  chemical	
  
transformaDon	
  in	
  
protein	
  and	
  	
  in	
  
water	
  
	
  
CPU:	
  24	
  hours	
  on	
  
768	
  cores	
  per	
  
transforma2on	
  
	
  
GPU:	
  7	
  hours	
  on	
  1	
  
GPU	
  per	
  
transforma2on!!	
  

Simula+ons	
  performed	
  
in	
  ARIS	
  -­‐	
  GRNET	
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ARIS	
  



Villin	
  headpiece	
  protein	
  folding	
  
hCps://www.youtube.com/watch?v=sD6vyfTtE4U	
  
	
  
A	
  basic	
  introducDon	
  to	
  proteins	
  &	
  drugs	
  
hCps://www.youtube.com/watch?v=u49k72rUdyc	
  
	
  
How	
  Does	
  a	
  Drug	
  Molecule	
  Find	
  its	
  Target	
  Binding	
  Site?	
  
hCp://www.ncbi.nlm.nih.gov/pmc/ar+cles/PMC3221467/	
  
(link	
  to	
  .avi	
  file	
  at	
  the	
  end	
  of	
  the	
  ar+cle	
  will	
  d/l	
  the	
  movie)	
  
	
  
SimulaDon	
  of	
  the	
  Wild	
  Type	
  PI3Kα	
  protein	
  
hCp://journals.plos.org/ploscompbiol/ar+cle/asset?unique&id=info:doi/
10.1371/journal.pcbi.1003895.s031	
  
	
  
	
  SimulaDon	
  of	
  the	
  oncogenic	
  H1047R	
  mutant	
  PI3Kα	
  protein	
  
hCp://journals.plos.org/ploscompbiol/ar+cle/asset?unique&id=info:doi/
10.1371/journal.pcbi.1003895.s032	
  	
  

Links	
  to	
  the	
  movies	
  I	
  ‘ve	
  shown	
  


