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V3  DockStar:  overcome  limitations  of  CombDock

2  subtasks  for  generation  of  macromolecular  complex  structures:  
(a) Identify  the  protein-­protein  interaction  graph  between  the  individual  subunits.
This  can  be  done  e.g.  based  on  data  from  MS  and  chemical  cross-­linking.

(b)  Detect  a  globally  consistent  pose of  the  subunits,  so  that  
-­ there  are  no  steric  clashes  between  them  and  
-­ the  binding  energy  of  the  whole  complex  is  optimized.
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Chemical cross-linking

Leitner  et  al.  Nature  Protocols
9,  120–137  (2014)

(a)  Cross-­linking  reaction  using  a  chemical  cross-­linking  reagent.  These  molecules  
have  a  certain  length,  have  two  reactive  groups  at  both  ends  of  the  molecule  and  may  
covalently  bind  either  to  cysteine  or  lysine  residues  of  a  single  protein  or  of  two  
proteins.
(b)  enzymatic  digestion  of  the  proteins  to  peptides,  
(c)  enrichment  of  cross-­linked  peptides,
(d)  analysis  of  cross-­linked  peptides  by  LC-­MS/MS,  
(e)  data  analysis.
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StarDock

Amir  et  al.,  Bioinformatics  31,  2801  (2015)

-­ MS  of  intact  protein  complexes  and  their  subcomplexes (→TAP-­MS)  can  
determine  the  stoichiometry of  the  complex  subunits  and  deduce  the  
interaction  graph  of  the  multimolecular complex.

-­ Chemical  cross-­linking  combined  with  MS  provides  distance  constraints
between  surface  residues  both  on  the  same  and  on  neighboring  subunits.  

This  provides  information  both  for  the  detection  of  the  interaction  graph  as  well  
as  constraints  on  the  relative  spatial  poses  of  neighboring  subunits.  
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Example: refining the 3D structure of S26 proteasome

Lasker  et  al.,  
PNAS  (2012)  
109:  1380

Low  resolution  
EM  structure

Chemical  cross-­links  for  the  S.  pombe
and  S.  cerevisiae  26S  proteasomes.  

55  (21)  pairs  of  cross-­linked  lysines from  
the  S.  pombe (S.  cerevisiae)  26S  
proteasome  subunits.  

Multiple  edges  between  a  pair  of  subunits  
indicate  multiple  cross-­linked  lysine  pairs.

Atomistic  structure  
generated
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StarDock:  Generate  transformation  sets

Amir  et  al.,  Bioinformatics  31,  2801  (2015)

Assume  that  the  interaction  graph  is  known  (task  a).

Now  we  will  generate  for  each  subunit  a  set  of  candidate  rigid  transformations.

Select  as  anchor  subunit the  subunit  having  most  neighbors  in  the  multimolecular
assembly  interaction  graph.  
All  other  subunits  which  are  known  to  interact  with  the  anchor  are  then  docked  to  it.  
This  requires  a  star  shaped  spanning  tree  topology  of  the  interaction graph.

Pairwise  docking  is  carried  out  by  PatchDock,  which optimizes shape
complementarity,  while  satisfying  maximal  distance  constraints  between  residues
of  neighboring  subunits  from  cross-­linking  (details  not  important  here).  

The  top  1000  PatchDock transformations  are  refined,  rescored  and  re-­ranked  by  
the  FiberDock tool  ® pairwise  scores
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StarDock:  Select  best  global  solution

Amir  et  al.,  Bioinformatics  31,  2801  (2015)

Let  
-­ Pi (0  £ i <  n)  be  subunit i,
-­ T(Pi)  be  the  set  of  candidate  transformations  for  subunit  Pi received  from  the  
previous  stage.  

-­ Ti,r be  a  particular  transformation r of  subunit  Pi .  
-­ S(Ti,r ,  Tj,s )  be  the  pairwise  interaction  score  of  subunits  Pi  and  Pj
transformed  by  Ti,r and  Tj,s ,  respectively  (obtained  by  pairwise  docking  before).

The  globally  optimal  solution  Sol  includes  one  transformation  per  subunit  and  
maximizes  the  score(Sol)  defined  as:
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DockStar:  Select  best  global  solution

Amir  et  al.,  Bioinformatics 31,  2801  (2015)

This  optimization  task  can  be  formulated  as  the  following  graph  theoretic  problem:

Let  G  =  (V,E)  be  an  undirected  n-­partite  graph  with  a  partition  of  the  vertex  set  
V  =  V0 È…  È Vn-­1,  
so  that  each  transformation  Ti,r Î T(Pi)  corresponds  to  a  vertex  ui,r Î Vi.  
(Each  Vi contains  all  transformations  r of  subunit  Pi as  its  vertices  ui,r ).  

Each  pair  of  vertices  is  joined  by  an  edge:  

with  the  weight

The  optimal  solution  is  achieved  by  choosing  one  vertex  per  Vi
that  maximizes  the  edge-­weight  of  the  induced  sub-­graph.
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Formulate  Integer  Linear  Program  (ILP)

Amir  et  al.,  Bioinformatics  31,  2801  (2015)

This  graph  theoretic  task  can  be  formulated  as  an  ILP.  Define  a  variable  Xi,r
for  each  vertex  ui,r Î V and  a  variable  Yi,r,j,s for  each  edge  e(ui,r,  ,v j,s)  Î E  as  
follows

The  ILP  objective  function  is
The  objective  function  is  exactly  
the  edge-­weight  of  the  chosen  
sub-­graph.  
The  first  constraint  ensures  that  
exactly  one  transformation  is  
chosen  for  each  subunit.  
The  second  constraint  ensures  
that  an  edge  is  chosen  if  and  
only  if  both  vertices  that  it  
connects  are  chosen  as  well.  
The  ILP  step  was  solved  by  the  
CPLEX  12.5  package



3.  Lecture  WS  2019/20 Bioinformatics  III 9

ILP  formulation  – alternative  solutions

Amir  et  al.,  Bioinformatics  31,  2801  (2015)

The  ILP  method  outputs  one  single  highest  scoring  global  solution.  

To  retrieve  additional  high  scoring  solutions,  the  ILP  step  is  applied  iteratively  to  
find  a  solution  that  maximizes  the  objective  function  and  was  not  chosen  before.

For  this,  a  linear  constraint  is  used  (see  paper  by  Amir  et  al.).
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ILP  formulation  – arbitrary  complexes

Amir  et  al.,  Bioinformatics  31,  2801  (2015)

Sofar we  considered  complexes  having  a  star  shaped  spanning  tree,  where  an  
anchor subunit,  which  interacts  with  all  the  other  subunits,  can  be  chosen.  
However,  this  is  a  special  case.  

Arbitrary  complexes  are  divided  into  overlapping  sub-­complexes,  each  with  a  
star  shaped  spanning  tree,  which  are  solved  separately  as  above.  

(A)  A  complex  interaction  graph  that  is  not  star  
shaped.  Therefore,  the  complex  is  divided  to  2  
sub-­complexes  B  and  C  and  each  sub-­complex  
structure  is  solved  separately.  The  transfor-­
mation set  for  each  subunit  is  generated  by  
docking  the  subunit  to  the  "anchor"  subunit.  

In  (B)  the  anchor  is  represented  by  the  red  vertex  and  in  (C)  by  the  green.  For  
each  sub-­complex  a  set  of  solutions  is  generated.  Then,  top  solutions  of  these  
sub-­complexes  are  integrated  to  create  the  3D  structure  of  the  whole  complex.
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DockStar applications

Amir  et  al.,  Bioinformatics  31,  2801  (2015)
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Mosaic-­3D

Dietzen,  Kalinina,  Lengauer,  Hildebrandt  et  al.,  
Proteins  83,  1887-­1899  (2015)

Input:  
(1) high-­‐resolution 3D  structures of a  representative of each protein involved in  
forming the complex

(2) information on  the stoichiometry of the complex.  
(3) information on  pairwise interfaces that provide the presumed binding modes
in  the complex.  

Output:
3D-­‐MOSAIC  assembles the complex in  an  iterative  tree-­‐based greedy fashion.  

Similar to CombDock,  each node represents a  monomer  attached in  a  particular
orientation.  
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Mosaic-­3D

Dietzen et  al,  
Proteins  83,  1887-­
1899  (2015)

The  algorithm starts from a  seed monomer  with the largest number of interfaces.  

In  each iteration,  new child solutions are generated by adding an  additional  
monomer  to each of the parent solutions retained from the previous iteration.  

A  new monomer  of a  particular protein type  p can be attached to the complex r of
a  previous stage,  if
i)  the number of occurrences of p in  the parent solution has not  yet reached its
maximum multiplicity,  
ii)  r has unoccupied interfaces for an  interaction with p.  
iii)  The  new monomer  does not  lead to severe steric clashes with other
monomers already present in  the parent solution.  

The  new child monomer  is scored according to the number of interfaces it has
with all  ancestor monomers already present in  the complex.

After  each iteration:  cluster solutions based on  Ca-­RMSD
Finally:  optimize symmetry



3.  Lecture  WS  2019/20 Bioinformatics  III 14

Workflow  3D-­Mosaic

Dietzen et  al,  Proteins  83,  1887-­1899  (2015)

Assembly  of  homo-­‐hexameric hemocyanin
from  Panulirus interruptus (1HCY.pdb).  

In  each  iteration,  new  monomers  can  be  
attached  to  all  previously  retained  solutions.  

If  a  matching  interface  is  found,  the  complex  
match  score  increases  and  the  
corresponding  complex  might  be  ranked  
further  up  in  the  list  of  solutions  (green  
double-­‐tilted  arrows).  

Solutions  similar  to  better-­‐ranked  ones  or  
yielding  severe  steric  clashes  are  discarded.
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Mosaic-­3D

Dietzen et  al,  Proteins  83,  1887-­1899  (2015)

Examples of complexes and corresponding topology
graphs for hard cases:  
(a)  ring-­‐like  topology of T4  lysozyme hexamer (3SBA),  
(b)  cage-­‐like  topology of pyruvate dehydrogenase E2  
60-­‐mer  core complex (1B5S),  
(c)  inovirus coat protein filament (2C0W)  composed of
helical monomers,  
(d)  human  cystatin C  complex (1R4C)  forming
interchain β-­‐sheets.  
Different  node colors correspond to different  protein
types,  different  edge colors to different  binding modes.

On  a  diverse  benchmark  set  of  308  homo  and  
heteromeric complexes  containing  6  to  60  monomers,
the  mean  fraction  of  correctly  reconstructed  
benchmark  complexes  during  crossvalidation was  
78.1%.
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Summary

Dietzen et  al,  Proteins  83,  1887-­1899  (2015)

Our  current  atomistic  understanding  of  how  large  macromolecular  machines  work  
is  mainly  based  on  results  from  protein  crystallography.  These  discoveries  were  
rewarded  with  several  Nobel  Prizes  in  Chemistry  and  Medicine.  

Recent  breakthrough:  new  detectors  for  EM  that  improve  its  resolution  down  to  
atomic  resolution.  

Ideal  for  structural  characterization  of  large  multi-­protein  complexes:  combination  of  
methods  in  structural  biology:  
-­ X-­ray  crystallography  and  NMR  for  high-­resolution  structures  of  single  proteins  
and  pieces  of  protein  complexes
-­ (cryo)  EM  to  determine  high-­ to  medium-­resolution  structures  of  entire  protein  
complexes
-­ stained  EM  for  still  pictures  at  medium-­resolution  of  cellular  organells and  
-­ (cryo)  electron  tomography  for  three-­dimensional  reconstructions  of  biological  
cells  and  for  identification  of  the  individual  components.
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2.4  Fitting  atomistic  structures  into  EM  maps

Bioinformatics  III
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The  procedure

Bioinformatics  III
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Step  1:  blurring  the  picture

Bioinformatics  III
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Put  it  on  a  grid

Bioinformatics  III
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2.5  Fourier  Transformation

Bioinformatics  III



3.  Lecture  WS  2019/20 22

Shift  of  the  Argument

Variable  transformation:
y  =  x  +  Δx

change  name  of
integration  variable
back  from  y  to  x

Bioinformatics  III
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Convolution

Integration  in  real  space  
is  replaced  by  simple
multiplication  in  Fourier  
space.

But  FTs  need  to  be  
computed.

What  is  more  efficient?

Bioinformatics  III
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Fourier  on  a  Grid

+

Bioinformatics  III
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2.5.5  FFT  by  Danielson  and  Lanczos (1942)      
Danielson and Lanczos showed that a  discrete Fourier  transform of length N can
be rewritten as the sum of two discrete Fourier  transforms,  each of length N/2.

One of the two is formed from the even-­numbered points of the original  N,  the
other from the odd-­numbered points.

Fke :  k-­th component  of  the  Fourier  
transform  of  length  N/2  formed  from  the  
even  components  of  the  original  fj ’s

Fko :  k-­th component  of  the  Fourier  
transform  of  length  N/2  formed  from  the  
odd  components  of  the  original  fj ’s

Bioinformatics  III
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FFT  by  Danielson  and  Lanczos  (1942)      
The  wonderful property of the Danielson-­Lanczos-­Lemma  is that it can be used
recursively.

Having reduced the problem of computing Fk to that of computing Fke and Fko ,  
we can do  the same  reduction of Fke to the problem of computing the transform
of its N/4  even-­numbered input data and N/4  odd-­numbered data.

We can continue applying the DL-­Lemma  until we have subdivided the data all  the
way down  to transforms of length 1.

What is the Fourier  transform of length one?  It is just  the identity operation that
copies its one input number into its one output slot.

For every pattern of log2N e‘s and o‘s,  there is a  one-­point  transform that is just  
one of the input numbers fn

nfF n
oeeeoeeoeo

k  somefor ... =
Bioinformatics  III
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FFT  by  Danielson  and  Lanczos  (1942)      
The  next trick is to figure out  which value of n  corresponds to which pattern of e‘s
and o‘s in   n

oeeeoeeoeo
k fF =...

Answer:  reverse the pattern of e‘s and o‘s,  then let e  =  0  and o  =  1,  
and you will  have,  in  binary the value of n.

This  works  because  the  successive  subdividisions of  the  data  into  even  and  odd  
are  tests  of  successive  low-­order  (least  significant)  bits  of  n.

Thus,  computing  a  FFT  can  be  done  efficiently  in  O(N log(N))  time.

Bioinformatics  III
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Discretization  and  Convolution

Bioinformatics  III
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Step  3:  Scoring  the  Overlap

Bioinformatics  III
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Cross  Correlation

Bioinformatics  III
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Correlation  and  Fourier

3

Bioinformatics  III
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Include  convolution

Bioinformatics  III
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2.7  Katchalski-­Kazir algorithm

Bioinformatics  III
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Discretization  for  docking

Bioinformatics  III
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Docking  the  hemoglobin  dimer

Bioinformatics  III
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The  algorithm

Katchalski-­Kazir et  al.  1992

Algorithm has become a  workhorse
for docking and density fitting.

Bioinformatics  III



3.  Lecture  WS  2019/20 37

Problem  I:  limited  contrast

Bioinformatics  III
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2.6  Laplace  filter

Bioinformatics  III
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Enhanced  contrast  è better  fit

Bioinformatics  III



3.  Lecture  WS  2019/20 40

The  big  picture

Bioinformatics  III
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Problem  2:  more  efficient  search

Bioinformatics  III
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Masked  displacements

Bioinformatics  III
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Rotational  search

Known Fourier  
coefficients of
spherical harmonics Ylm.

Bioinformatics III
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Accuracy

rmsd with respect to
known atomistic
structure of target.

Bioinformatics  III
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Performance

Bioinformatics  III
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Some  examples

Bioinformatics  III
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Summary
-­ StarDock
-­ Mosaic
-­ Density fitting of low-­resolution  structures into blurred density maps

-­ analogy to FFT  protein-­protein  docking
-­ speed up by FFT-­transforming the rotational angles
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