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How	
  to	
  extract	
  useful	
  informa2on	
  from	
  protein	
  sequences?	
  

Each	
  protein	
  is	
  constructed	
  as	
  a	
  specific	
  chain	
  or	
  string	
  of	
  amino	
  acids.	
  There	
  are	
  20	
  
different	
  amino	
  acids	
  which	
  are	
  used	
  with	
  roughly	
  equal	
  frequencies	
  across	
  all	
  proteins.	
  	
  
	
  
In	
  a	
  specific	
  protein	
  of	
  interest,	
  such	
  as	
  hemoglobin,	
  the	
  order	
  of	
  amino	
  acids	
  is	
  highly	
  
important	
  and	
  contains	
  all	
  the	
  informa6on	
  necessary	
  to	
  produce	
  the	
  folded,	
  func6onal	
  
molecule.	
  	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
We	
  would	
  like	
  to	
  find	
  a	
  probability	
  model	
  for	
  the	
  sequence	
  of	
  amino	
  acids	
  that	
  
corresponds	
  to	
  each	
  protein	
  of	
  interest.	
  	
  

P(A1,…,AL ) = Probability	
  that	
  a	
  sequence	
  produces	
  a	
  folded,	
  func6onal	
  	
  
hemoglobin	
  molecule.	
  



	
  
	
  
To	
  proceed,	
  we	
  need	
  data	
  –	
  if	
  we	
  can	
  find	
  lots	
  of	
  examples	
  of	
  hemoglobin	
  sequences,	
  
then	
  we	
  can	
  treat	
  this	
  as	
  an	
  inverse	
  problem,	
  and	
  look	
  for	
  a	
  model	
  that	
  reproduces	
  the	
  
sta6s6cs	
  of	
  our	
  observed	
  data.	
  	
  
	
  
How	
  can	
  we	
  find	
  this	
  data?	
  Over	
  the	
  last	
  50	
  years	
  there	
  has	
  been	
  an	
  explosion	
  of	
  
technological	
  innova6on,	
  which	
  has	
  enabled	
  us	
  to	
  determine	
  the	
  sequences	
  of	
  huge	
  
numbers	
  of	
  biological	
  organisms,	
  and	
  thus	
  of	
  numerous	
  proteins.	
  	
  
	
  

P(A1,…,AL ) = Probability	
  that	
  a	
  sequence	
  produces	
  a	
  folded,	
  func6onal	
  	
  
hemoglobin	
  molecule.	
  

Sequence	
  Similarity	
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3D structure, function 

Protein evolution 

Families of homologous proteins 
- Similar/dissimilar sequence 
- Common 3D structure 
- Common function 

Protein Known family 
VCVEVPSETEA... 



Similar	
  or	
  dissimilar?	
  

 
 

To	
  compare	
  proteins,	
  we	
  need	
  to	
  be	
  able	
  to	
  measure	
  similarity	
  between	
  their	
  
sequence	
  and	
  their	
  3D	
  structures.	
  	
  



porcine pepsin 

human pepsin 3A mouse renin HIV protease 
(PID 86%, RMSD 0.8 Å) (PID 43%, RMSD 1.6 Å) (PID 13%, RMSD 2.6 Å) 

PID	
  =	
  percentage	
  sequence	
  iden6ty,	
  RMSD	
  =	
  root	
  mean	
  squared	
  devia6on	
  	
  



To	
  group	
  sequences	
  into	
  families,	
  we	
  need	
  to	
  be	
  able	
  to	
  answer	
  the	
  ques6on:	
  are	
  two	
  
sequences	
  related?	
  This	
  is	
  the	
  most	
  basic	
  sequence	
  analysis	
  task	
  that	
  we	
  will	
  come	
  across.	
  
We	
  approach	
  this	
  by	
  first	
  aligning	
  the	
  sequences,	
  and	
  then	
  asking	
  whether	
  the	
  alignment	
  
suggests	
  that	
  the	
  sequences	
  are	
  related,	
  or	
  could	
  have	
  occurred	
  by	
  chance.	
  	
  
	
  
	
  
	
  

Pairwise	
  sequence	
  alignment	
  



To	
  group	
  sequences	
  into	
  families,	
  we	
  need	
  to	
  be	
  able	
  to	
  answer	
  the	
  ques6on:	
  are	
  two	
  
sequences	
  related?	
  This	
  is	
  the	
  most	
  basic	
  sequence	
  analysis	
  task	
  that	
  we	
  will	
  come	
  across.	
  
We	
  approach	
  this	
  by	
  first	
  aligning	
  the	
  sequences,	
  and	
  then	
  asking	
  whether	
  the	
  alignment	
  
suggests	
  that	
  the	
  sequences	
  are	
  related,	
  or	
  could	
  have	
  occurred	
  by	
  chance.	
  	
  
	
  
Consider	
  this	
  alignment	
  between	
  parts	
  of	
  the	
  human	
  haemoglobin	
  alpha	
  and	
  beta	
  chains:	
  
	
  
	
  
	
  
	
  
	
  
Here	
  iden6cal	
  posi6ons	
  are	
  shown	
  in	
  the	
  middle	
  with	
  le_ers,	
  while	
  similar	
  posi6ons	
  are	
  
shown	
  with	
  plus	
  signs.	
  To	
  define	
  ‘similar’	
  we	
  use	
  a	
  subs6tu6on	
  matrix	
  –	
  more	
  on	
  this	
  soon.	
  
	
  
Note	
  there	
  are	
  many	
  posi6ons	
  at	
  which	
  the	
  two	
  residues	
  are	
  iden6cal,	
  and	
  many	
  others	
  
that	
  we	
  call	
  ‘func6onally	
  conserva6ve’	
  –	
  for	
  example	
  the	
  D-­‐E	
  pair	
  towards	
  the	
  end	
  (both	
  
are	
  nega6vely	
  charged	
  amino	
  acids).	
  	
  
	
  
	
  

Pairwise	
  sequence	
  alignment	
  



To	
  group	
  sequences	
  into	
  families,	
  we	
  need	
  to	
  be	
  able	
  to	
  answer	
  the	
  ques6on:	
  are	
  two	
  
sequences	
  related?	
  This	
  is	
  the	
  most	
  basic	
  sequence	
  analysis	
  task	
  that	
  we	
  will	
  come	
  across.	
  
We	
  approach	
  this	
  by	
  first	
  aligning	
  the	
  sequences,	
  and	
  then	
  asking	
  whether	
  the	
  alignment	
  
suggests	
  that	
  the	
  sequences	
  are	
  related,	
  or	
  could	
  have	
  occurred	
  by	
  chance.	
  	
  
	
  
Consider	
  this	
  alignment	
  between	
  parts	
  of	
  the	
  human	
  haemoglobin	
  alpha	
  and	
  beta	
  chains:	
  
	
  
	
  
	
  
	
  
	
  
Here	
  iden6cal	
  posi6ons	
  are	
  shown	
  in	
  the	
  middle	
  with	
  le_ers,	
  while	
  similar	
  posi6ons	
  are	
  
shown	
  with	
  plus	
  signs.	
  To	
  define	
  ‘similar’	
  we	
  use	
  a	
  subs6tu6on	
  matrix	
  –	
  more	
  on	
  this	
  soon.	
  
	
  
	
  
	
  
	
  
	
  
In	
  contrast	
  the	
  alignment	
  with	
  leghemoglobin	
  from	
  yellow	
  lupin	
  is	
  much	
  weaker,	
  although	
  
these	
  two	
  proteins	
  are	
  evolu6onarily	
  related,	
  and	
  have	
  the	
  same	
  3D	
  structures.	
  	
  

Pairwise	
  sequence	
  alignment	
  



To	
  group	
  sequences	
  into	
  families,	
  we	
  need	
  to	
  be	
  able	
  to	
  answer	
  the	
  ques6on:	
  are	
  two	
  
sequences	
  related?	
  This	
  is	
  the	
  most	
  basic	
  sequence	
  analysis	
  task	
  that	
  we	
  will	
  come	
  across.	
  
We	
  approach	
  this	
  by	
  first	
  aligning	
  the	
  sequences,	
  and	
  then	
  asking	
  whether	
  the	
  alignment	
  
suggests	
  that	
  the	
  sequences	
  are	
  related,	
  or	
  could	
  have	
  occurred	
  by	
  chance.	
  	
  
	
  
Consider	
  this	
  alignment	
  between	
  parts	
  of	
  the	
  human	
  haemoglobin	
  alpha	
  and	
  beta	
  chains:	
  
	
  
	
  
	
  
	
  
	
  
Here	
  iden6cal	
  posi6ons	
  are	
  shown	
  in	
  the	
  middle	
  with	
  le_ers,	
  while	
  similar	
  posi6ons	
  are	
  
shown	
  with	
  plus	
  signs.	
  To	
  define	
  ‘similar’	
  we	
  use	
  a	
  subs6tu6on	
  matrix	
  –	
  more	
  on	
  this	
  soon.	
  
	
  
	
  
	
  
	
  
	
  
Finally	
  this	
  alignment	
  with	
  a	
  nematode	
  glutathione	
  S-­‐transferase	
  homologue	
  has	
  a	
  similar	
  
number	
  of	
  iden66es	
  and	
  similari6es,	
  but	
  the	
  structure	
  and	
  func6on	
  are	
  completely	
  different.	
  

Pairwise	
  sequence	
  alignment	
  



The	
  purpose	
  of	
  a	
  scoring	
  algorithm	
  is	
  to	
  assess	
  the	
  evidence	
  that	
  two	
  sequences	
  have	
  
diverged	
  from	
  a	
  common	
  ancestor	
  by	
  a	
  process	
  of	
  muta6on	
  and	
  selec6on.	
  	
  

Scoring	
  models	
  



The	
  purpose	
  of	
  a	
  scoring	
  algorithm	
  is	
  to	
  assess	
  the	
  evidence	
  that	
  two	
  sequences	
  have	
  
diverged	
  from	
  a	
  common	
  ancestor	
  by	
  a	
  process	
  of	
  muta6on	
  and	
  selec6on.	
  	
  

Scoring	
  models	
  



Scoring	
  models	
  



Scoring	
  models	
  

Total	
  score	
  of	
  an	
  alignment	
  will	
  contain	
  a	
  term	
  for	
  each	
  aligned	
  pair	
  of	
  residues,	
  plus	
  terms	
  
for	
  each	
  gap	
  introduced.	
  This	
  will	
  correspond	
  to	
  the	
  logarithm	
  of	
  the	
  rela6ve	
  likelihood	
  that	
  
the	
  sequences	
  are	
  related,	
  compared	
  to	
  being	
  unrelated.	
  	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  



Scoring	
  models	
  

Total	
  score	
  of	
  an	
  alignment	
  will	
  contain	
  a	
  term	
  for	
  each	
  aligned	
  pair	
  of	
  residues,	
  plus	
  terms	
  
for	
  each	
  gap	
  introduced.	
  This	
  will	
  correspond	
  to	
  the	
  logarithm	
  of	
  the	
  rela6ve	
  likelihood	
  that	
  
the	
  sequences	
  are	
  related,	
  compared	
  to	
  being	
  unrelated.	
  	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
For	
  example,	
  S(A,	
  A)	
  =	
  S(T,	
  T)	
  =	
  S(C,	
  C)	
  =	
  +5	
  

	
  	
  	
  	
  	
  	
  	
  	
  S(C,	
  T)	
  =	
  -­‐3	
  
	
  	
  	
  	
  	
  	
  	
  	
  S(gap)	
  =	
  ?	
  -­‐8?	
  	
  



We	
  need	
  score	
  terms	
  for	
  each	
  aligned	
  residue	
  pair.	
  The	
  intui6on	
  for	
  proteins	
  alluded	
  to	
  in	
  
these	
  slides	
  could	
  yield	
  210	
  scoring	
  terms	
  for	
  all	
  possible	
  pairs	
  of	
  amino	
  acids,	
  but	
  it	
  is	
  useful	
  
to	
  have	
  a	
  guiding	
  theory	
  for	
  what	
  the	
  scores	
  mean.	
  	
  
	
  

Subs2tu2on	
  Matrices	
  



We	
  need	
  score	
  terms	
  for	
  each	
  aligned	
  residue	
  pair.	
  The	
  intui6on	
  for	
  proteins	
  alluded	
  to	
  in	
  
these	
  slides	
  could	
  yield	
  210	
  scoring	
  terms	
  for	
  all	
  possible	
  pairs	
  of	
  amino	
  acids,	
  but	
  it	
  is	
  useful	
  
to	
  have	
  a	
  guiding	
  theory	
  for	
  what	
  the	
  scores	
  mean.	
  	
  
	
  
Consider	
  two	
  protein	
  sequences	
  x	
  and	
  y,	
  we	
  want	
  to	
  compare	
  the	
  random	
  model:	
  
	
  
	
  
	
  
with	
  the	
  match	
  model:	
  
	
  
	
  
	
  

Subs2tu2on	
  Matrices	
  



We	
  need	
  score	
  terms	
  for	
  each	
  aligned	
  residue	
  pair.	
  The	
  intui6on	
  for	
  proteins	
  alluded	
  to	
  in	
  
these	
  slides	
  could	
  yield	
  210	
  scoring	
  terms	
  for	
  all	
  possible	
  pairs	
  of	
  amino	
  acids,	
  but	
  it	
  is	
  useful	
  
to	
  have	
  a	
  guiding	
  theory	
  for	
  what	
  the	
  scores	
  mean.	
  	
  
	
  
Consider	
  two	
  protein	
  sequences	
  x	
  and	
  y,	
  we	
  want	
  to	
  compare	
  the	
  random	
  model:	
  
	
  
	
  
	
  
with	
  the	
  match	
  model:	
  
	
  
	
  
	
  
	
  
So	
  we	
  want	
  
	
  
	
  
This	
  leads	
  to	
  the	
  score 	
   	
  	
  	
  	
  ,	
  where	
  	
   	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  is	
  the	
  log	
  	
  
	
  
likelihood	
  ra6o	
  that	
  (a,b)	
  is	
  an	
  aligned	
  or	
  match	
  pair,	
  vs	
  occurred	
  at	
  random.	
  	
  

Subs2tu2on	
  Matrices	
  



Subs2tu2on	
  Matrices	
  –	
  BLOSUM	
  50	
  

Henikoff, Steven, and Jorja G. Henikoff. "Amino acid substitution 
matrices from protein blocks.” PNAS 1992. 



Alignment	
  algorithms	
  

To	
  construct	
  the	
  BLOSUM	
  matrix	
  a	
  set	
  of	
  aligned,	
  ungapped	
  regions	
  from	
  protein	
  families	
  
were	
  assembled	
  and	
  clustered	
  such	
  that	
  two	
  sequences	
  go	
  in	
  the	
  same	
  cluster	
  if	
  their	
  
percentage	
  of	
  iden6cal	
  residues	
  exceeds	
  50%.	
  	
  
	
  



Alignment	
  algorithms	
  

To	
  construct	
  the	
  BLOSUM	
  matrix	
  a	
  set	
  of	
  aligned,	
  ungapped	
  regions	
  from	
  protein	
  families	
  
were	
  assembled	
  and	
  clustered	
  such	
  that	
  two	
  sequences	
  go	
  in	
  the	
  same	
  cluster	
  if	
  their	
  
percentage	
  of	
  iden6cal	
  residues	
  exceeds	
  50%.	
  	
  
	
  
Once	
  we	
  have	
  a	
  scoring	
  model,	
  we	
  then	
  need	
  a	
  way	
  to	
  find	
  the	
  op6mal	
  alignment	
  between	
  
two	
  sequences.	
  If	
  we	
  allow	
  gaps,	
  then	
  there	
  are	
  
	
  
	
  
	
  
	
  
possible	
  global	
  alignments	
  between	
  two	
  sequences	
  of	
  length	
  n.	
  This	
  means	
  it	
  is	
  not	
  
computa6onally	
  feasible	
  to	
  enumerate	
  all	
  of	
  these,	
  even	
  for	
  moderate	
  values	
  of	
  n.	
  	
  



Alignment	
  algorithms	
  

To	
  construct	
  the	
  BLOSUM	
  matrix	
  a	
  set	
  of	
  aligned,	
  ungapped	
  regions	
  from	
  protein	
  families	
  
were	
  assembled	
  and	
  clustered	
  such	
  that	
  two	
  sequences	
  go	
  in	
  the	
  same	
  cluster	
  if	
  their	
  
percentage	
  of	
  iden6cal	
  residues	
  exceeds	
  50%.	
  	
  
	
  
Once	
  we	
  have	
  a	
  scoring	
  model,	
  we	
  then	
  need	
  a	
  way	
  to	
  find	
  the	
  op6mal	
  alignment	
  between	
  
two	
  sequences.	
  If	
  we	
  allow	
  gaps,	
  then	
  there	
  are	
  
	
  
	
  
	
  
	
  
possible	
  global	
  alignments	
  between	
  two	
  sequences	
  of	
  length	
  n.	
  This	
  means	
  it	
  is	
  not	
  
computa6onally	
  feasible	
  to	
  enumerate	
  all	
  of	
  these,	
  even	
  for	
  moderate	
  values	
  of	
  n.	
  	
  
	
  
Luckily,	
  dynamic	
  programming	
  algorithms	
  provide	
  a	
  way	
  of	
  efficiently	
  finding	
  the	
  op6mal	
  
alignment.	
  The	
  idea	
  is	
  to	
  start	
  from	
  an	
  exis6ng	
  smaller	
  alignment,	
  and	
  evaluate	
  all	
  possible	
  
next	
  moves.	
  	
  
	
  
Global	
  alignment:	
  Needleman-­‐Wunsch	
  algorithm	
  –	
  align	
  whole	
  sequences.	
  
	
  
Local	
  alignment:	
  Smith-­‐Waterman	
  algorithm	
  –	
  align	
  subsequences.	
  

Durbin et al. Biological Sequence Analysis, CUP 1998 



Next	
  –	
  mul2ple	
  sequence	
  alignment	
  



A	
  Hidden	
  Markov	
  Model	
  (HMM)	
  is	
  a	
  discrete-­‐6me	
  finite-­‐state	
  Markov	
  
chain	
  coupled	
  with	
  a	
  sequence	
  of	
  le_ers	
  emi_ed	
  when	
  the	
  Markov	
  chain	
  
visits	
  its	
  states.	
  	
  

States (Q):     q1       q2       q3            ...   
 

Letters (O):    O1      O2      O3 

 
The	
  sequence	
  O	
  of	
  emi_ed	
  le_ers	
  is	
  called	
  “the	
  observed	
  sequence”	
  
because	
  we	
  olen	
  know	
  it	
  while	
  not	
  knowing	
  the	
  state	
  sequence	
  Q,	
  
which	
  we	
  call“hidden”.	
  	
  	
  
	
  
Used	
  extensively	
  throughout	
  computa6onal	
  biology	
  for	
  ‘labeling’	
  data	
  –	
  
and	
  in	
  par6cular	
  for	
  classifying	
  and	
  aligning	
  protein	
  sequence	
  data.	
  	
  
	
  

Hidden	
  Markov	
  Models	
  



As	
  a	
  simple	
  example,	
  imagine	
  the	
  following	
  5ʹ′	
  splice-­‐site	
  recogni6on	
  problem.	
  
Assume	
  we	
  are	
  given	
  a	
  DNA	
  sequence	
  that	
  begins	
  in	
  an	
  exon,	
  contains	
  one	
  5ʹ′	
  
splice	
  site	
  and	
  ends	
  in	
  an	
  intron.	
  The	
  problem	
  is	
  to	
  iden6fy	
  where	
  the	
  switch	
  from	
  
exon	
  to	
  intron	
  occurred—where	
  the	
  5ʹ′	
  splice	
  site	
  (5ʹ′SS)	
  is.	
  	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  



As	
  a	
  simple	
  example,	
  imagine	
  the	
  following	
  5ʹ′	
  splice-­‐site	
  recogni6on	
  problem.	
  
Assume	
  we	
  are	
  given	
  a	
  DNA	
  sequence	
  that	
  begins	
  in	
  an	
  exon,	
  contains	
  one	
  5ʹ′	
  
splice	
  site	
  and	
  ends	
  in	
  an	
  intron.	
  The	
  problem	
  is	
  to	
  iden6fy	
  where	
  the	
  switch	
  from	
  
exon	
  to	
  intron	
  occurred—where	
  the	
  5ʹ′	
  splice	
  site	
  (5ʹ′SS)	
  is.	
  	
  
	
  
	
  
	
  
	
  
	
  
	
  
HMM	
  with	
  three	
  states	
  –	
  exon,	
  5’SS	
  and	
  intron,	
  and	
  the	
  probabili6es	
  of	
  moving	
  
between	
  these	
  states.	
  	
  
	
  
	
  
	
  
	
  
	
  
	
  

Transi6on	
  probabili6es	
  



As	
  a	
  simple	
  example,	
  imagine	
  the	
  following	
  5ʹ′	
  splice-­‐site	
  recogni6on	
  problem.	
  
Assume	
  we	
  are	
  given	
  a	
  DNA	
  sequence	
  that	
  begins	
  in	
  an	
  exon,	
  contains	
  one	
  5ʹ′	
  
splice	
  site	
  and	
  ends	
  in	
  an	
  intron.	
  The	
  problem	
  is	
  to	
  iden6fy	
  where	
  the	
  switch	
  from	
  
exon	
  to	
  intron	
  occurred—where	
  the	
  5ʹ′	
  splice	
  site	
  (5ʹ′SS)	
  is.	
  	
  
	
  
	
  
	
  
	
  
	
  
	
  
HMM	
  with	
  three	
  states	
  –	
  exon,	
  5’SS	
  and	
  intron,	
  and	
  the	
  probabili6es	
  of	
  moving	
  
between	
  these	
  states.	
  To	
  es6mate	
  which	
  state	
  each	
  element	
  of	
  the	
  DNA	
  sequence	
  
is	
  in,	
  we	
  need	
  informa6on	
  about	
  the	
  sta6s6cs	
  of	
  exon,	
  splice	
  site	
  and	
  intron	
  
sequences	
  –	
  these	
  are	
  the	
  emission	
  probabili6es.	
  	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  

Transi6on	
  probabili6es	
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  moving	
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  To	
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  which	
  state	
  each	
  element	
  of	
  the	
  DNA	
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is	
  in,	
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  need	
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  about	
  the	
  sta6s6cs	
  of	
  exon,	
  splice	
  site	
  and	
  intron	
  
sequences	
  –	
  these	
  are	
  the	
  emission	
  probabili6es.	
  	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  

Transi6on	
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Emission	
  probabili6es	
  

Eddy, Nature Biotech, 2004 
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Emission	
  probabili6es	
  

Transi6on	
  probabili6es	
  

The	
  probability	
  P(S,π|HMM,θ)	
  that	
  an	
  HMM	
  with	
  parameters	
  θ	
  generates	
  a	
  state	
  
path	
  π	
  and	
  an	
  observed	
  sequence	
  S	
  is	
  the	
  product	
  of	
  all	
  the	
  emission	
  probabili6es	
  
and	
  transi6on	
  probabili6es	
  that	
  were	
  used.	
  	
  
	
  
Here	
  for	
  the	
  26	
  nucleo6de	
  sequence,	
  there	
  are	
  27	
  transi6ons	
  and	
  26	
  emissions	
  –	
  
the	
  log	
  of	
  the	
  product	
  of	
  all	
  53	
  probabili6es	
  yields	
  log	
  P(S,π|HMM,θ)	
  =	
  –41.22.	
  	
  
	
  

	
  
	
  
	
  

Eddy, Nature Biotech, 2004 
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Anfinsen CB (1973). "Principles that govern the folding of protein chains". 
Science 181 (4096): 223–230. 



Polymer	
  self-­‐assembles	
  into	
  
unique	
  3D	
  structure	
  

What	
  makes	
  this	
  problem	
  hard?	
  	
  
	
  



Poten6al	
  func6on	
  for	
  MD	
  

Evaluate	
  forces	
  and	
  perform	
  integra6on	
  for	
  every	
  atom	
  
	
  
Each	
  picosecond	
  of	
  simula6on	
  6me	
  requires	
  500	
  itera6ons	
  
of	
  cycle	
  
	
  
E.g.	
  w/	
  50,000	
  atoms,	
  each	
  ps	
  (10-­‐12	
  s)	
  involves	
  25,000,000	
  
evalua6ons	
  



Our	
  research	
  group	
  has	
  
developed	
  a	
  specialized	
  
supercomputer,	
  called	
  
Anton,	
  which	
  greatly	
  
accelerates	
  the	
  execu6on	
  of	
  
atomis6c	
  molecular	
  
dynamics	
  (MD)	
  simula6ons.	
  
In	
  addi6on,	
  we	
  recently	
  
modified	
  the	
  CHARMM	
  force	
  
field	
  in	
  an	
  effort	
  to	
  make	
  it	
  
more	
  easily	
  transferable	
  
among	
  different	
  protein	
  
classes.	
  	
  

Lindorff-Larsen, Kresten, et al. "How fast-folding 
proteins fold." Science 334.6055 (2011): 517-520. 



Rose_a	
  –	
  an	
  algorithm	
  that	
  introduced	
  assembly	
  of	
  sequence	
  similar	
  fragments	
  
was	
  a	
  major	
  step	
  forward	
  in	
  computa6onal	
  approaches	
  to	
  the	
  protein	
  folding	
  
problem.	
  	
  
	
  
Swilly	
  followed	
  by	
  ‘folding	
  at	
  home’	
  and	
  the	
  	
  

Khatib, Firas, et al. Nature structural & 
molecular biology 18.10 (2011): 1175-1177. 
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We	
  can	
  think	
  of	
  protein	
  sequences	
  from	
  different	
  species	
  as	
  samples	
  from	
  a	
  probability	
  
distribu6on…..	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
We	
  want	
  to	
  use	
  this	
  data	
  to	
  parameterize	
  a	
  probability	
  model	
  for	
  the	
  protein	
  sequence.	
  

P(A1,…,AL ) = Probability	
  that	
  a	
  sequence	
  produces	
  a	
  folded,	
  func6onal	
  	
  
hemoglobin	
  molecule.	
  

How	
  to	
  extract	
  useful	
  informa6on	
  from	
  protein	
  sequences?	
  

S
p
e
c
i
e
s
 



	
  
	
  
To	
  start,	
  we	
  might	
  ask	
  that	
  the	
  model	
  matches	
  the	
  distribu6on	
  of	
  amino	
  acids	
  seen	
  at	
  
each	
  sequence	
  posi6on	
  in	
  the	
  data	
  (the	
  set	
  of	
  available	
  sequences).	
  	
  
	
  
	
  
	
  
	
  
Hidden	
  Markov	
  Models	
  are	
  olen	
  used	
  to	
  model	
  protein	
  sequence	
  evolu6on.	
  Different	
  
sequence	
  posi6ons	
  (variables)	
  are	
  assumed	
  to	
  evolve	
  independently	
  of	
  one	
  another	
  –	
  
there	
  are	
  no	
  interac6ons.	
  	
  
	
  
Does	
  this	
  model	
  tell	
  us	
  anything	
  about	
  protein	
  structure	
  and	
  func6on?	
  	
  

P(A1,…,AL ) = Probability	
  that	
  a	
  sequence	
  produces	
  a	
  folded,	
  func6onal	
  	
  
hemoglobin	
  molecule.	
  

First	
  order	
  models	
  

Pi (Ai ) = P(A1,...,AL )
{Ak |k≠i}
∑ = fi (Ai )



Those	
  residues	
  close	
  in	
  sequence	
  will	
  be	
  close	
  in	
  3D	
  structure….	
  
	
   	
   	
  	
  
	
   	
   	
  	
  

	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  but	
  their	
  conserva6on	
  level	
  doesn’t	
  provide	
  much	
  informa6on	
  about	
  the	
  3D	
  structure.	
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  evolve	
  independently	
  of	
  one	
  another	
  –	
  
there	
  are	
  no	
  interac6ons.	
  	
  
	
  
Does	
  it	
  tell	
  us	
  anything	
  about	
  the	
  3D	
  protein	
  structure……….NOT	
  MUCH	
  	
  
	
  

P(A1,…,AL ) = Probability	
  that	
  a	
  sequence	
  produces	
  a	
  folded,	
  func6onal	
  	
  
hemoglobin	
  molecule.	
  

Pi (Ai ) = P(A1,...,AL )
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First	
  order	
  models	
  



K
D	
  	
  	
  

Wild	
  Type	
  Protein	
  
(ac6ve)	
  

K
R

D
R	
  

Which	
  muta6ons	
  can	
  be	
  tolerated?	
  
	
  
How	
  do	
  muta6ons	
  at	
  different	
  sites	
  depend	
  on	
  each	
  other?	
  
	
  

Loss	
  of	
  func6on	
  
mutant	
  
(inac6ve)	
  

Func6onal	
  double	
  
mutant	
  
(ac6ve)	
  

Interac6ons	
  between	
  variables	
  (residues)	
  



K
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Wild	
  Type	
  Protein	
  
(ac6ve)	
  

K
R

D
R

Loss	
  of	
  func6on	
  
mutant	
  
(inac6ve)	
  

Func6onal	
  double	
  
mutant	
  
(ac6ve)	
  

	
  
What	
  constraints	
  on	
  the	
  muta6ons	
  that	
  can	
  be	
  accepted	
  are	
  
induced	
  by	
  the	
  requirements	
  of	
  3D	
  structure	
  and	
  func6on	
  of	
  the	
  
protein?	
  	
  

Interac6ons	
  between	
  variables	
  (residues)	
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  Protein	
  
(ac6ve)	
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  of	
  func6on	
  
mutant	
  
(inac6ve)	
  

Func6onal	
  double	
  
mutant	
  
(ac6ve)	
  

	
  
What	
  constraints	
  on	
  the	
  muta6ons	
  that	
  can	
  be	
  accepted	
  are	
  
induced	
  by	
  the	
  requirements	
  of	
  3D	
  structure	
  and	
  func6on	
  of	
  the	
  
protein?	
  	
  

1	
   2	
   3	
   4	
   5	
   6	
  
H.s	
   D	
   A	
   I	
   L	
   V	
   K	
  
M.m	
   D	
   A	
   I	
   L	
   A	
   K	
  
B.t	
   R	
   A	
   I	
   M V	
   D	
  
G.g	
   R	
   V	
   I	
   L	
   V	
   D	
  

correla2on	
  

Interac6ons	
  between	
  variables	
  (residues)	
  



Interac6ons	
  lead	
  to	
  covariance	
  of	
  amino	
  acids	
  



K
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  Type	
  Protein	
  
(ac6ve)	
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   4	
   5	
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H.s	
   D	
   A	
   I	
   L	
   V	
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What	
  constraints	
  on	
  the	
  muta6ons	
  that	
  can	
  be	
  accepted	
  are	
  induced	
  by	
  the	
  requirements	
  
of	
  3D	
  structure	
  and	
  func6on	
  of	
  the	
  protein?	
  	
  

Exploit	
  correla6on	
  structure	
  of	
  protein	
  sequences	
  

correlated 

Can	
  we	
  invert	
  correla2ons	
  in	
  the	
  sequence	
  data	
  to	
  provide	
  informa6on	
  
about	
  the	
  3D	
  protein	
  structure?	
  	
  

Burger, Lukas, and Erik Van Nimwegen. PLoS computational biology 6.1 (2010): e1000633. 
Marks*, Debora S., Colwell*, Lucy J. et al. PloS one 6.12 (2011): e28766,  
 



Compute	
  (for	
  example)	
  the	
  mutual	
  
informa6on	
  for	
  each	
  pair	
  of	
  columns	
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   D	
   I	
   L	
   V	
   D	
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   X	
   I	
  

D	
   X	
  

I	
   X	
  

L	
   X	
  

V	
   X	
  

D	
   I	
   X	
  

K D

Wild	
  Type	
  Protein	
  

?	
  

Measure	
  pair	
  correla6ons	
  in	
  the	
  sequence	
  alignment	
  

1	
   2	
   3	
   4	
   5	
   6	
  

H.s	
   K	
   D	
   I	
   L	
   V	
   D	
  

M.m	
   K	
   D	
   I	
   L	
   V	
   D	
  

S.c	
   D	
   D	
   I	
   K	
   V	
   H	
  

S.p	
   D	
   E	
   I	
   L	
   V	
   H	
  

in an analogous way. If the empirical frequency distribution of amino acids A and
B between two columns i and j is independent, we would expect the product of the
individual frequency distributions fi(A)fj(B) to be roughly equal to the joint frequency
distribution fij(A,B), while a deviation indicates a correlation between the two columns.

2.3.2 Sequence weighting

Frequency counts as defined in Equations (2.1) and (2.2) are prone to uneven sampling of
sequence space, e.g. due to experimental bias. To decrease the influence of sampling bias
on the estimation of correlations, sequences in the multiple alignment are downweighted
based on the number of neighbors with sequence identity above a similarity threshold ⇥
(0 < ⇥ ⇤ 1).
Formally, for each sequence m we calculate the number of sequences in the alignment

(including m) which have at least ⇥L aligned identical residues as

km ⇥
M⌃

n=1

H

⇤
L⌃

i=1

� (Am
i , An

i )� ⇥L

⌅
(2.3)

with H denoting the unit step function. Assigning a weight of 1/km to each sequence
m, the frequency counts from Equations (2.1) and (2.2) can be redefined as

fi(A) ⇥
1

⇤+Me�

⇤
⇤

q
+

M⌃

m=1

1

km
�(Am

i , A)

⌅
(2.4)

and

fij(A,B) ⇥ 1

⇤+Me�

⇤
⇤

q2
+

M⌃

m=1

1

km
�(Am

i , A)�(Am
j , B)

⌅
(2.5)

respectively. In both cases, Me� =
⇧M

m=1
1
km

is the e�ective number of sequences in
the alignment after weighting, and ⇤ is a pseudocount term to avoid non-zero entries in
the correlation matrix (defined in Section 2.3.3). Initial tests by Marks et al. [44] and
Morcos et al. [53] suggest a choice of ⇥ = 0.7 and ⇤ = 0.5 for reasonable performance.

2.3.3 Calculation of direct information

A commonly used measure for calculating the correlation between two columns in a
sequence alignment is mutual information (MI), which is defined as

MIij =
q⌃

Ai,Aj=1

fij(Ai, Aj) ln

�
fij(Ai, Aj)

fi(Ai)fj(Aj)

⇥
(2.6)

for alignment columns i and j. MIij is the di�erence entropy between the observed pair
frequencies fij(Ai, Aj) and the expected frequency fi(Ai)fj(Aj) if both columns were
statistically independent. MI is an inherently local measure which assumes statistical

8
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Tes6ng:	
  Are	
  highly	
  correlated	
  pairs	
  close	
  in	
  structure?	
  

PDB	
  structure	
  residue	
  contacts	
  



Tes6ng	
  MI:	
  Are	
  high-­‐scoring	
  pairs	
  close	
  in	
  structure?	
  

PDB	
  structure	
  residue	
  contacts	
  
residue	
  pairs	
  with	
  150	
  highest	
  MI	
  values	
  



Tes6ng	
  MI:	
  Are	
  high-­‐scoring	
  pairs	
  close	
  in	
  structure?	
  

PDB	
  structure	
  residue	
  contacts	
  
residue	
  pairs	
  with	
  250	
  highest	
  MI	
  values	
  



Tes6ng	
  MI:	
  Are	
  high-­‐scoring	
  pairs	
  close	
  in	
  structure?	
  

PDB	
  structure	
  residue	
  contacts	
  
residue	
  pairs	
  with	
  500	
  highest	
  MI	
  values	
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Why	
  does	
  this	
  fail?	
  Construct	
  and	
  analyze	
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  model	
  

PDB	
  structure	
  residue	
  contacts	
  
residue	
  pairs	
  with	
  100	
  highest	
  MI	
  values	
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K D

Wild	
  Type	
  Protein	
  

R	
  E	
  
E	
   K	
   D	
   R	
  

Construct	
  and	
  analyze	
  a	
  model	
  

PDB	
  structure	
  residue	
  contacts	
  
residue	
  pairs	
  with	
  100	
  highest	
  MI	
  values	
  



K D

Wild	
  Type	
  Protein	
  

R	
  E	
  
E	
   K	
   D	
   R	
  

K	
   D	
   E	
   R	
  

K	
   X	
   I	
   I	
  

D	
   I	
   X	
   C	
   I	
  

E	
   I	
   C	
   X	
  

R	
   I	
   X	
  

Construct	
  and	
  analyze	
  a	
  model	
  

PDB	
  structure	
  residue	
  contacts	
  
residue	
  pairs	
  with	
  100	
  highest	
  MI	
  values	
  



K D

Wild	
  Type	
  Protein	
  

R	
  E	
  
E	
   K	
   D	
   R	
  

K	
   D	
   E	
   R	
  

K	
   X	
   I	
   I	
   C	
  

D	
   I	
   X	
   C	
   I	
  

E	
   I	
   C	
   X	
   C	
  

R	
   C	
   I	
   C	
   X	
  

Construct	
  and	
  analyze	
  a	
  model	
  

PDB	
  structure	
  residue	
  contacts	
  
residue	
  pairs	
  with	
  100	
  highest	
  MI	
  values	
  



Probability	
  model	
  

Pi (Ai ) = P(A1,...,AL )
{Ak |k≠i}
∑ = fi (Ai )

Pij (Ai,Aj ) = P(A1,...,AL )
{Ak |k≠i, j}
∑ = fij (Ai,Aj )

Sa6sfy	
  these	
  constraints	
  and	
  choose	
  the	
  maximum	
  entropy	
  or	
  least	
  constrained	
  model:	
  

S = − P(A1,...,AL )
{Ai |i=1,...,L}
∑ lnP(A1,...,AL )

P(A1,…,AL ) = Probability a sequence is part of protein family 



P(A1,…,AL ) = Probability a sequence is part of protein family 

=
1
Z
exp − hiAi − eij Ai,Aj( )

(i, j )
∑

i
∑
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Probability	
  model	
  



P(A1,…,AL ) = Probability a sequence is part of protein family 

=
1
Z
exp − hiAi − eij Ai,Aj( )

(i, j )
∑

i
∑

#
$
%

&%

'
(
%

)%

naïve	
  mean	
  field	
  approxima6on,	
  assume	
  small	
  couplings	
  

eij Ai,Aj( ) = C−1( )ij Ai,Aj( )

Probability	
  model	
  



RAS 

5 164

5

164

number of constraints = 100

RASH_HUMAN, Residues less than 5.00 Angstroms apart

Global model 

Mutual 
Information 

	
  
	
  
Solu6on:	
  A	
  global	
  probability	
  model	
  –	
  high	
  scoring	
  pairs	
  are	
  close	
  in	
  structure!	
  

	
  	
  
	
  
	
  
	
  
	
  

	
  

	
  

A	
   C	
  B	
   D	
   A	
   B	
   D	
  C	
  

Marks*, Colwell* et al, PloS One 2011 

Sequences	
  to	
  structure:	
  



Our	
  hypothesis	
  is	
  the	
  high	
  scoring	
  pairs	
  will	
  be	
  close	
  in	
  the	
  structure	
  –	
  so	
  constrain	
  the	
  distance	
  
between	
  the	
  residues	
  in	
  each	
  pair.	
  
	
  

Marks*, Colwell* et al, PloS One 2011 

Sequences	
  to	
  structure:	
  

Start	
  with	
  an	
  extended	
  polypep6de,	
  add	
  predicted	
  secondary	
  structure	
  

	
  
	
  

Is	
  this	
  enough	
  informa6on	
  to	
  fold	
  the	
  protein?	
  

	
  	
  
	
  
	
  
	
  
	
  

	
  

	
  



	
  
	
  

Is	
  this	
  enough	
  informa6on	
  to	
  fold	
  the	
  protein?	
  

	
  	
  
	
  
	
  
	
  
	
  

	
  

	
  

Our	
  hypothesis	
  is	
  the	
  high	
  scoring	
  pairs	
  will	
  be	
  close	
  in	
  the	
  structure	
  –	
  so	
  constrain	
  the	
  distance	
  
between	
  the	
  residues	
  in	
  each	
  pair.	
  

	
  This	
  massively	
  reduces	
  the	
  space	
  of	
  possible	
  3D	
  conforma2ons	
  of	
  the	
  protein	
  	
  

Global model pairs 

5 164

5

164

number of constraints = 100

RASH_HUMAN, Residues less than 5.00 Angstroms apart

Global 
model 

Mutual 
Information 

Marks*, Colwell* et al, PloS One 2011 

Sequences	
  to	
  structure:	
  

Start	
  with	
  an	
  extended	
  polypep6de,	
  add	
  predicted	
  secondary	
  structure	
  



Start	
  with	
  an	
  extended	
  polypep6de	
  

Our	
  hypothesis	
  is	
  the	
  high	
  scoring	
  pairs	
  will	
  be	
  close	
  in	
  the	
  structure	
  –	
  so	
  we	
  constrain	
  the	
  
distance	
  between	
  the	
  two	
  residues	
  in	
  each	
  pair.	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
Use	
  these	
  distance	
  constraints	
  together	
  with	
  predicted	
  secondary	
  structure	
  in	
  the	
  standard	
  
distance	
  geometry	
  and	
  simulated	
  annealing	
  protocol	
  from	
  CNS	
  to	
  generate	
  structures	
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Folding	
  the	
  protein	
  

Marks*, Colwell* et al, PloS One 2011 



ELAV4_HUMAN	
   1G2E.pdb	
  

An	
  RNA	
  binding	
  domain:	
  2.9Å	
  C-­‐alpha	
  rmsd	
  over	
  67	
  residues	
  
	
  

predicted	
  
blind	
  top	
  ranked	
  

observed	
  
crystal	
  structure	
  

180°	
  180°	
  

	
  
Correla6ons	
  in	
  the	
  muta6on	
  pa_erns	
  of	
  amino	
  acids	
  within	
  a	
  protein	
  used	
  to	
  
predict	
  ter6ary	
  structure.	
  

	
  

Sequences	
  to	
  structure:	
  



	
  
Correla6ons	
  in	
  the	
  muta6on	
  pa_erns	
  of	
  amino	
  acids	
  within	
  a	
  protein	
  used	
  to	
  
predict	
  ter6ary	
  structure.	
  

	
  
	
  	
  

	
  
	
  
	
  
	
  

	
  

	
  

predicted	
  
blind	
  top	
  ranked	
  

observed	
  
crystal	
  structure	
  

5P21.pdb	
  RASH_HUMAN	
  

180°	
  180°	
  

RAS:	
  3.5Å	
  C-­‐alpha	
  rmsd	
  over	
  161	
  residues	
  
	
  	
  

Beta	
  strands	
  posi6oned	
  well	
  enough	
  to	
  predict	
  correct	
  registra6on	
  with	
  the	
  excep6on	
  of	
  
the	
  beta	
  one	
  strand,	
  which	
  was	
  very	
  recently	
  shown	
  to	
  exist	
  in	
  both	
  the	
  conforma6ons	
  
that	
  we	
  find.	
  	
  
	
  	
  

Sequences	
  to	
  structure:	
  



Cadherin: 3.8 Å,  
88 residues 

Lectin: 4.0 Å   
100 res 

GERE_BACSU:  
1.8 Å,  49 res 

Ras: 3.2 Å,   
156 res 

RRM_1: 3.16 Å,   
71 residues 

Thiredoxin:  
3.5 Å,  97 res 

Q3SJE6_THIDA: 
3.6 Å,  206 res 

CheY: 2.98 Å,  
107 residues 

O85354_CAUCR:  
3.74 Å,  278 res 

RnaseH: 3.5 Å  
114 res 

ISPD_ECOLI:  
4.0 Å,  152 res 

Q7WRJ3_KLEPN   
4.5 Å,  232 res 

GMHA_VIBCH :  
4.0 Å,  133 res 

OmpR: 3.9 Å   
62 res 

Q9KZ96_STRCO: 
1.46 Å 49 res 

SH3: 3.6 Å,   
47 res 

MOEA_ECOLI:  
4.0 Å 128 res 

Trypsin: 4.27 Å,  
186 res 

Comparison	
  of	
  predicted	
  and	
  observed	
  structures	
  
Crystal	
  structure*	
   Predicted	
  structure	
  



Challenge	
  :	
  transmembrane	
  proteins	
  
	
  
Hard	
  experimentally	
  
No	
  high	
  throughput	
  
Drug	
  targets	
  -­‐	
  >	
  40%	
  
	
  
	
  
	
  
De	
  novo	
  predic6on	
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β2	
  adrenergic	
  receptor	
  :	
  evolu6onary	
  constraints	
  

Helix	
  2	
  

Helix	
  4	
  

Helix	
  3	
  

Helix	
  7	
  

Helix	
  5	
  

Helix	
  1	
  

Helix	
  6	
  

Top	
  160	
  evolu6onary	
  	
  
constraints	
  

Crystal	
  structure	
  
contacts	
  

Crystal	
  structure	
  
missing	
  data	
  

The	
  β2	
  adrenergic	
  receptor,	
  a	
  seven	
  transmembrane	
  helix	
  GPCR	
  family	
  member.	
  	
  

Hopf,	
  Colwell	
  et	
  al,	
  Cell	
  2012	
  



Crystal	
  structure*	
  

Predicted	
  structure	
  

Blind	
  predic6on	
  for	
  β2	
  adrenergic	
  receptor	
  

3.2	
  Å	
  C-­‐α	
  rmsd	
  over	
  200	
  residues	
  

*Crystal	
  Structure:	
  Rasmussen	
  SG,	
  DeVree	
  BT,	
  Zou	
  Y,	
  Kruse	
  AC,	
  Chung	
  KY,	
  Kobilka	
  TS,	
  Thian	
  FS,	
  Chae	
  PS,	
  	
  
Pardon	
  E,	
  Calinski	
  D,	
  Mathiesen	
  JM,	
  Shah	
  ST,	
  Lyons	
  JA,	
  Caffrey	
  M,	
  Gellman	
  SH,	
  Steyaert	
  J,	
  Skinio6s	
  G,	
  Weis	
  WI,	
  Sunahara	
  RK,	
  Kobilka	
  BK.	
  
Nature.	
  2011	
  Jul	
  19.	
  

Hopf,	
  Colwell	
  et	
  al,	
  Cell	
  2012	
  



NADH-­‐quinone	
  oxidoreductase	
  	
  
subunit	
  N	
  1	
  

G-­‐3-­‐P	
  transporter	
  GlpT	
  β2	
  adrenergic	
  receptor	
  

Aquaporin-­‐0	
   Mul6drug	
  resistance	
  protein	
  norM	
  

COX3	
  

observed predicted 

	
  
Blind	
  structure	
  predic6on.	
  
	
  

	
  	
  
	
  
	
  
	
  
	
  

	
  

	
  

Hopf, Colwell et al, Cell 2012 

Sequences	
  to	
  structure:	
  



11 medically important membrane proteins of unknown 
structure predicted 

OCTN1	
   Adiponec6n	
  receptor	
  1	
   MT-­‐ND1	
  

Crohn‘s	
  disease,	
  
rheumatoid	
  arthri6s	
  

diabetes,	
  obesity,	
  
cancer	
  

LHON,	
  MELAS,	
  
Alzheimer,	
  Parkinson	
  


