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Proteins	
  possess	
  huge	
  potential	
  as	
  therapeutic	
  agents	
  for	
  the	
  control	
  and	
  

modulation	
  of	
  human	
  physiology.	
  Protein	
  interactions	
  regulate	
  most	
  physiological	
  

processes,	
  mediating	
  the	
  connection	
  between	
  atomic-­‐scale	
  self-­‐assembly	
  and	
  

macroscale	
  health	
  and	
  disease.	
  Natural	
  proteins	
  often	
  display	
  exquisite	
  specificity	
  

and	
  high	
  affinity	
  for	
  molecular	
  targets	
  while	
  avoiding	
  detection	
  and	
  elimination	
  by	
  

the	
  host	
  immune	
  system.	
  The	
  design	
  of	
  synthetic,	
  non-­‐natural	
  proteins	
  to	
  bind	
  these	
  

molecular	
  targets	
  presents	
  the	
  opportunity	
  to	
  suppress,	
  regulate,	
  or	
  enhance	
  the	
  

cellular	
  control	
  processes	
  underlying	
  the	
  physiology	
  of	
  both	
  normal	
  and	
  disease	
  

states.	
  Here,	
  we	
  demonstrate	
  the	
  development,	
  application,	
  and	
  testing	
  of	
  

computational	
  protein	
  design	
  algorithms	
  to	
  predict	
  protein-­‐binding	
  specificity,	
  

model	
  the	
  energetics	
  of	
  designed	
  protein	
  interactions,	
  and	
  reduce	
  the	
  

immunogenicity	
  of	
  protein	
  therapeutics.	
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Chapter	
  1	
  
	
  
Background:	
  Biological	
  Therapeutics	
  and	
  
Computational	
  Protein	
  Design	
  
	
  
	
  
Proteins	
  as	
  Drugs:	
  Classification	
  and	
  Application.	
  
Proteins	
  represent	
  the	
  fastest-­‐growing	
  class	
  of	
  pharmaceuticals	
  for	
  a	
  diverse	
  range	
  
of	
  clinical	
  and	
  biomedical	
  applications.	
  Since	
  the	
  early	
  1980s,	
  proteins	
  have	
  played	
  
an	
  increasing	
  role	
  in	
  the	
  development	
  of	
  many	
  drugs,	
  vaccines,	
  and	
  diagnostics	
  [1].	
  	
  
These	
  therapies	
  typically	
  fall	
  into	
  the	
  category	
  of	
  antibodies,	
  antibody	
  Fc	
  fusions,	
  
blood/clotting	
  factors,	
  growth	
  factors,	
  metabolic	
  enzymes,	
  interferons,	
  hormones,	
  
and	
  engineered	
  protein	
  scaffolds	
  [2].	
  Protein	
  drugs	
  may	
  simply	
  replace	
  or	
  
supplement	
  a	
  natural	
  molecule	
  that	
  is	
  missing	
  or	
  deficient,	
  regulate	
  a	
  natural	
  
cellular	
  process,	
  induce	
  a	
  novel	
  cellular	
  process,	
  or	
  target	
  molecular	
  payloads	
  to	
  
specific	
  areas	
  of	
  the	
  body,	
  individual	
  cells,	
  or	
  even	
  sub-­‐cellular	
  compartments	
  [3].	
  
With	
  over	
  130	
  protein	
  drugs	
  currently	
  on	
  the	
  market	
  [3]	
  and	
  many	
  more	
  in	
  clinical	
  
development,	
  these	
  biologics	
  are	
  receiving	
  increasingly	
  greater	
  focus	
  in	
  research	
  
and	
  development	
  to	
  modify	
  an	
  increasingly	
  broad	
  range	
  of	
  biological	
  processes.	
  
	
  
Antibodies	
  and	
  Natural	
  Proteins	
  as	
  Biological	
  Therapeutics:	
  Opportunities	
  
and	
  Challenges	
  
Antibody-­‐based	
  drugs	
  represent	
  by	
  far	
  the	
  largest	
  and,	
  to-­‐date,	
  most	
  successful	
  class	
  
of	
  protein	
  therapeutics.	
  Though	
  nature	
  has	
  evolved	
  a	
  myriad	
  of	
  different	
  molecular	
  
architectures	
  uniquely	
  suited	
  to	
  different	
  chemical,	
  cellular,	
  and	
  physiological	
  
contexts,	
  antibodies	
  represent	
  over	
  half	
  of	
  the	
  biologics	
  approved	
  by	
  the	
  FDA	
  in	
  the	
  
last	
  few	
  years	
  [5].	
  Though	
  antibodies	
  continue	
  to	
  show	
  great	
  clinical	
  value,	
  they	
  are	
  
no	
  panacea	
  for	
  all	
  applications,	
  as	
  dysregulation	
  of	
  cellular	
  pathways	
  often	
  involves	
  
a	
  number	
  of	
  interconnected	
  molecular	
  entities,	
  all	
  of	
  which	
  may	
  not	
  all	
  be	
  readily	
  
targeted	
  by	
  antibodies	
  due	
  to	
  the	
  unique	
  pharmacokinetic	
  and	
  pharmacodynamic	
  
profile	
  displayed	
  by	
  this	
  class	
  of	
  drug	
  [6].	
  Natural	
  ligands,	
  receptors,	
  and	
  enzymes	
  
have	
  also	
  been	
  developed	
  as	
  protein	
  therapeutics,	
  utilizing	
  the	
  preexisting	
  binding	
  
or	
  catalytic	
  activity	
  evolved	
  by	
  nature.	
  Insulin	
  and	
  human	
  growth	
  hormone	
  have	
  
shown	
  particularly	
  success	
  in	
  treating	
  disease	
  with	
  little	
  or	
  no	
  modifications	
  to	
  the	
  
wild-­‐type	
  protein	
  [7,8].	
  However	
  the	
  diversity	
  of	
  protein	
  architectures	
  and	
  functions	
  
offered	
  by	
  the	
  human	
  genome	
  is	
  limited	
  in	
  scope,	
  such	
  that	
  modified	
  human	
  and	
  
nonhuman	
  proteins	
  have	
  also	
  been	
  repurposed	
  for	
  use	
  as	
  molecular	
  therapeutics.	
  
Though	
  offering	
  a	
  wider	
  range	
  of	
  structures	
  and	
  functions,	
  nonhuman	
  proteins	
  
present	
  their	
  own	
  unique	
  challenges,	
  as	
  they	
  typically	
  induce	
  unfavorable	
  immune	
  
responses	
  upon	
  systemic	
  delivery,	
  leading	
  to	
  host	
  production	
  of	
  neutralizing	
  anti-­‐
drug	
  antibodies	
  and	
  even	
  anaphylactic	
  shock	
  (Table	
  1).	
  Nature	
  does	
  not	
  always	
  
provide	
  the	
  tools	
  necessary	
  to	
  effect	
  new	
  physiological	
  states	
  or	
  restore	
  ideal	
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cellular	
  function	
  in	
  diseased	
  biological	
  systems,	
  necessitating	
  the	
  development	
  of	
  
new	
  molecules	
  to	
  resolve	
  pathologies	
  untreatable	
  with	
  currently	
  available	
  drugs.	
  
	
  
	
  
Immunogenic	
  Protein	
   Therapeutic	
  Application	
  
L-­‐asparaginase	
   enzyme	
  replacement	
  therapy	
  
Streptokinase	
   thrombolysis	
  in	
  myocardial	
  infarction	
  
B-­‐lactamase	
   targeted	
  prodrug	
  activation	
  in	
  antibody-­‐conjugated	
  enzymes	
  
Carboxypeptidase	
  G2	
   targeted	
  prodrug	
  activation	
  in	
  antibody-­‐conjugated	
  enzymes	
  
Endotoxin	
  A	
   targeted	
  cell-­‐death	
  in	
  recombinant	
  immunotoxins	
  
Ricin	
  A	
  Chain	
   targeted	
  cell-­‐death	
  in	
  recombinant	
  immunotoxins	
  
Erythropoietin	
   stimulation	
  of	
  erythrocyte	
  production	
  
CNTF	
   photoreceptor	
  protection	
  in	
  macular	
  degeneration	
  
Flagellin	
  FliC	
  (CBLB502)	
   tumor	
  suppression,	
  radioprotective	
  	
  
Table	
  1.	
  Protein	
  therapeutics	
  currently	
  on	
  the	
  market	
  or	
  in	
  active	
  
development	
  that	
  suffer	
  from	
  host	
  immune	
  reactions.	
  	
  
	
  
	
  
History	
  of	
  Protein	
  Therapeutics,	
  Current	
  Challenges,	
  and	
  Future	
  Directions	
  
Insulin	
  marked	
  the	
  first	
  drug	
  successfully	
  created	
  from	
  recombinant	
  DNA	
  
technology	
  in	
  1982	
  [19].	
  Soon	
  thereafter,	
  other	
  recombinant	
  versions	
  of	
  human	
  
proteins	
  were	
  developed	
  to	
  replace	
  their	
  natural	
  counterparts	
  deficient	
  in	
  some	
  
patients	
  or	
  to	
  augment	
  natural	
  pathways,	
  such	
  as	
  human	
  growth	
  hormone,	
  
interferon-­‐alpha,	
  and	
  erythropoietin	
  [20].	
  Next,	
  modified	
  versions	
  of	
  these	
  natural	
  
proteins	
  became	
  available.	
  Injected	
  insulin	
  fails	
  to	
  mimic	
  endogenous	
  insulin	
  due	
  to	
  
slow	
  action	
  and	
  rapid	
  clearance	
  from	
  the	
  blood.	
  Mutant	
  forms	
  of	
  insulin	
  were	
  
developed	
  to	
  increase	
  response	
  time,	
  prolong	
  half-­‐life	
  in	
  the	
  body,	
  and	
  improve	
  
physiological	
  profile	
  [21].	
  	
  For	
  other	
  therapeutics,	
  glycosylation	
  sites	
  were	
  added	
  or	
  
removed	
  to	
  enhance	
  therapeutic	
  activity,	
  as	
  in	
  the	
  case	
  of	
  darbepoetin-­‐α,	
  a	
  variant	
  of	
  
epoetin-­‐α	
  with	
  two	
  additional	
  glycosylation	
  sites	
  that	
  extended	
  serum	
  half-­‐life	
  to	
  
three	
  times	
  that	
  of	
  its	
  precursor	
  [22].	
  Recombinant	
  fusions	
  of	
  antibody	
  Fc	
  domains	
  
presented	
  another	
  technology	
  for	
  increasing	
  serum	
  half-­‐life	
  [23].	
  Proteins	
  of	
  less	
  
than	
  70	
  kDa	
  in	
  size	
  are	
  quickly	
  eliminated	
  from	
  the	
  bloodstream	
  in	
  minutes	
  to	
  
hours,	
  a	
  fact	
  that	
  can	
  render	
  their	
  therapeutic	
  effects	
  null.	
  By	
  fusing	
  the	
  Fc	
  domain	
  
from	
  antibodies	
  onto	
  protein	
  drugs,	
  half-­‐life	
  and	
  stability	
  can	
  be	
  extended	
  greatly	
  
due	
  to	
  Fc-­‐mediated	
  interactions	
  with	
  the	
  salvage	
  receptor	
  FcRn.	
  Besides	
  increasing	
  
half-­‐life,	
  Fc	
  fusions	
  may	
  also	
  increase	
  solubility,	
  aid	
  expression	
  and	
  purification,	
  and	
  
increase	
  valency,	
  a	
  set	
  of	
  factors	
  that	
  led	
  to	
  the	
  production	
  of	
  etancercept	
  (Enbril®),	
  
a	
  TNF	
  receptor	
  2-­‐Fc	
  fusion	
  that	
  became	
  the	
  top-­‐selling	
  protein	
  therapeutic	
  in	
  2009	
  
[23].	
  Antibodies	
  represent	
  the	
  largest	
  class	
  of	
  currently	
  available	
  biotherapeutics.	
  
Their	
  rapid	
  growth	
  since	
  the	
  mid-­‐1990s	
  was	
  made	
  possible	
  by	
  chimerization	
  and	
  
humanization	
  methods	
  [24]	
  that	
  ameliorated	
  the	
  immunogenicity	
  problems	
  of	
  
murine	
  antibodies.	
  Later,	
  the	
  development	
  of	
  transgenic	
  mice	
  to	
  produce	
  fully	
  
human	
  antibodies	
  [25]	
  and	
  production	
  of	
  antibody	
  fragments	
  in	
  E.	
  coli	
  fermentation	
  
[26]	
  further	
  sped	
  growth	
  of	
  this	
  class.	
  Though	
  most	
  Ab	
  therapeutics	
  take	
  the	
  form	
  of	
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full-­‐length	
  native-­‐like	
  IgG	
  molecules,	
  FaB	
  fragments	
  and	
  antibody-­‐drug	
  conjugates	
  
are	
  gathering	
  increasing	
  attention	
  as	
  potent	
  cancer	
  therapies	
  [23].	
  
	
  
Though	
  recombinant	
  human	
  proteins	
  and	
  monoclonal	
  antibodies	
  have	
  experienced	
  
great	
  success	
  over	
  the	
  last	
  32	
  years,	
  they	
  are	
  not	
  without	
  their	
  shortcomings.	
  First	
  is	
  
their	
  extremely	
  high	
  cost;	
  protein	
  production	
  in	
  specialized	
  cell	
  lines	
  can	
  be	
  
expensive	
  and	
  inefficient,	
  especially	
  when	
  multi-­‐gram	
  treatment	
  schedules	
  of	
  the	
  
drug	
  in	
  question	
  are	
  necessary.	
  Druggable	
  targets	
  are	
  also	
  generally	
  confined	
  to	
  
extracellular	
  molecules	
  and	
  cell	
  surface	
  receptors;	
  intracellular	
  delivery	
  of	
  large	
  
proteins,	
  though	
  possible	
  in	
  the	
  lab,	
  remains	
  a	
  largely	
  open	
  problem	
  in	
  the	
  clinical	
  
domain.	
  Delivery	
  is	
  not	
  only	
  an	
  intracellular	
  problem.	
  Proteins	
  are	
  denatured	
  and	
  
digested	
  in	
  the	
  gut	
  and	
  usually	
  require	
  intravenous	
  delivery,	
  and	
  even	
  then,	
  are	
  
prevented	
  from	
  entering	
  the	
  central	
  nervous	
  system	
  by	
  the	
  blood-­‐brain	
  barrier.	
  
Additionally,	
  the	
  large	
  size	
  of	
  many	
  biologics,	
  particularly	
  antibodies,	
  leads	
  to	
  
inefficient	
  tissue	
  penetration	
  for	
  most	
  tumors	
  [27].	
  Lastly,	
  protein	
  immunogenicity	
  
remains	
  a	
  frequent	
  problem	
  even	
  for	
  exogenously	
  delivered	
  human	
  proteins,	
  
leading	
  to	
  the	
  production	
  of	
  neutralizing	
  anti-­‐drug	
  antibodies	
  (ADAs)	
  and,	
  even	
  
worse,	
  the	
  potential	
  for	
  the	
  development	
  of	
  an	
  adaptive	
  immune	
  response	
  against	
  
similar	
  endogenous	
  proteins.	
  This	
  scenario	
  was	
  exemplified	
  by	
  administration	
  of	
  
PEGylated	
  TPO,	
  where	
  some	
  patients	
  developed	
  a	
  concomitant	
  antibody	
  response	
  to	
  
endogenous	
  TPO,	
  leading	
  to	
  persistent	
  anemia	
  even	
  after	
  administration	
  of	
  the	
  drug	
  
was	
  ceased.	
  
	
  
The	
  great	
  success	
  of	
  human	
  biosimilars	
  and	
  monoclonal	
  antibodies	
  has	
  led	
  to	
  
increasing	
  focus	
  on	
  a	
  new	
  class	
  of	
  drugs:	
  engineered	
  protein	
  scaffolds.	
  Like	
  
antibodies,	
  these	
  next-­‐generation	
  therapeutics	
  may	
  be	
  engineered	
  through	
  rational	
  
design	
  or	
  high-­‐throughput	
  selection	
  (e.g.	
  phage	
  display)	
  to	
  bind	
  a	
  wide	
  range	
  of	
  
molecular	
  targets	
  with	
  high	
  affinity	
  and	
  specificity,	
  but	
  are	
  based	
  on	
  a	
  diverse	
  array	
  
of	
  different	
  template	
  protein	
  folds.	
  This	
  variability	
  in	
  the	
  selection	
  of	
  source	
  scaffold	
  
allows	
  for	
  the	
  possibility	
  of	
  engineering	
  small,	
  monomeric	
  protein	
  drugs	
  with	
  high	
  
solubility	
  and	
  stability	
  that	
  lack	
  the	
  disulfide	
  bonds,	
  glycosylation	
  sites,	
  and	
  other	
  
post-­‐translational	
  modifications	
  that	
  hinder	
  cheap	
  production	
  of	
  many	
  biologics,	
  
allowing	
  for	
  straight-­‐forward,	
  large-­‐scale	
  fermentation	
  in	
  bacteria	
  or	
  yeast	
  
expression	
  systems	
  [28].	
  The	
  small	
  size	
  and	
  high	
  stability	
  of	
  engineered	
  scaffolds	
  
may	
  also	
  allow	
  for	
  new	
  routes	
  of	
  administration,	
  such	
  as	
  aerosolized	
  pulmonary	
  
delivery,	
  as	
  well	
  as	
  facilitating	
  greater	
  systemic	
  penetration	
  into	
  dense	
  tissues.	
  
Additionally,	
  the	
  inherently	
  modular	
  nature	
  of	
  many	
  designed	
  scaffolds	
  may	
  lead	
  to	
  
relatively	
  easy	
  combination	
  of	
  different	
  binding	
  domains	
  into	
  multivalent	
  molecules	
  
with	
  high	
  avidity	
  or	
  multispecific	
  molecules	
  able	
  to	
  bind	
  multiple	
  targets	
  
simultaneously.	
  Unfortunately,	
  the	
  novel	
  qualities	
  of	
  this	
  class	
  come	
  hand-­‐in-­‐hand	
  
with	
  greater	
  risk	
  of	
  immunogenicity,	
  as	
  non-­‐human	
  epitopes	
  in	
  the	
  proteins	
  are	
  
more	
  likely	
  to	
  be	
  recognized	
  as	
  non-­‐self	
  by	
  the	
  immune	
  system,	
  especially	
  for	
  
therapies	
  requiring	
  repeated	
  administration.	
  Many	
  of	
  the	
  novel	
  scaffold-­‐based	
  drugs	
  
in	
  current	
  clinical	
  development	
  are	
  based	
  on	
  human	
  domains,	
  such	
  as	
  DARPins	
  from	
  
ankyrin	
  repeat	
  domains	
  or	
  Avimers®	
  from	
  LDLR-­‐A	
  modules,	
  a	
  fact	
  that	
  may	
  or	
  may	
  
not	
  circumvent	
  clinical	
  immunogenicity	
  issues	
  before	
  approval.	
  Further	
  clinical	
  



	
   	
   4	
  

testing	
  will	
  be	
  required	
  to	
  actually	
  gauge	
  the	
  promise	
  of	
  this	
  class,	
  as	
  only	
  one	
  novel	
  
scaffold	
  therapy,	
  ecallantide	
  (Kalbitor®)	
  has	
  so	
  far	
  been	
  approved	
  at	
  the	
  time	
  of	
  this	
  
writing.	
  
	
  
The	
  Adaptive	
  Immune	
  Response	
  and	
  Molecular	
  Basis	
  of	
  Immunogenicity	
  
All	
  protein-­‐based	
  drugs	
  have	
  the	
  potential	
  to	
  elicit	
  an	
  immune	
  response	
  from	
  the	
  
patient,	
  and	
  non-­‐human	
  proteins	
  present	
  a	
  particularly	
  difficult	
  challenge.	
  Immune	
  
responses	
  may	
  affect	
  drug	
  efficacy,	
  safety,	
  potency,	
  and	
  pharmacokinetic/dynamic	
  
profile.	
  In	
  particular,	
  the	
  development	
  of	
  anti-­‐drug	
  antibodies	
  (ADAs)	
  by	
  the	
  patient	
  
may	
  neutralize	
  the	
  drug,	
  or	
  even	
  lead	
  to	
  dangerous	
  cross-­‐reaction	
  with	
  endogenous	
  
proteins	
  [14].	
  Production	
  of	
  ADAs	
  may	
  proceed	
  in	
  both	
  a	
  T-­‐cell	
  dependent	
  and	
  -­‐
independent	
  manner.	
  T	
  cell	
  independent	
  responses	
  are	
  usually	
  initiated	
  when	
  B	
  cell	
  
receptors	
  bind	
  to	
  a	
  repeated	
  structural	
  motif	
  in	
  the	
  offending	
  antigen	
  such	
  as	
  repeat	
  
domains,	
  structured	
  aggregates,	
  or	
  post-­‐translational	
  glycans,	
  leading	
  to	
  transient	
  
expression	
  of	
  typically	
  lower-­‐affinity	
  IgM	
  antibodies.	
  In	
  contrast,	
  production	
  of	
  
higher-­‐affinity	
  matured	
  IgG	
  ADAs	
  requires	
  activation	
  of	
  T	
  cells	
  by	
  T	
  cell	
  epitopes	
  in	
  
the	
  protein	
  drug.	
  
	
  
Adaptive	
  immune	
  responses	
  fall	
  broadly	
  into	
  two	
  categories:	
  classical	
  and	
  breach-­‐
of-­‐tolerance.	
  The	
  classical	
  adaptive	
  immune	
  pathway	
  responds	
  to	
  molecules	
  
recognized	
  as	
  “non-­‐self”.	
  This	
  pathway	
  plays	
  out	
  in	
  the	
  typical	
  healthy	
  responses	
  to	
  
pathogens	
  and	
  vaccines.	
  Therapeutic	
  proteins	
  that	
  are	
  originally	
  deficient	
  in	
  the	
  
patient,	
  human	
  proteins	
  modified	
  from	
  wild-­‐type,	
  or	
  non-­‐human	
  proteins	
  will	
  all	
  
typically	
  activate	
  the	
  adaptive	
  immune	
  system	
  through	
  the	
  classical	
  pathway,	
  as	
  the	
  
patient’s	
  immune	
  system	
  does	
  not	
  recognize	
  these	
  molecules	
  as	
  “self”.	
  The	
  less	
  well-­‐
understood	
  pathway	
  involves	
  a	
  breach	
  of	
  immune	
  tolerance.	
  This	
  can	
  occur	
  
spontaneously,	
  leading	
  to	
  autoimmune	
  disorders,	
  or	
  can	
  occur	
  when	
  delivering	
  
human	
  proteins	
  exogenously	
  even	
  when	
  the	
  protein	
  is	
  originally	
  present	
  in	
  the	
  
patient.	
  Factors	
  leading	
  to	
  breach-­‐of-­‐tolerance	
  responses	
  may	
  include	
  presence	
  of	
  
epitope-­‐like	
  sequences,	
  T	
  cell	
  cross-­‐reactivity,	
  innate	
  immune	
  activation,	
  and	
  
protein	
  aggregation.	
  	
  
	
  
The	
  classical	
  adaptive	
  immune	
  response	
  is	
  typically	
  initiated	
  when	
  the	
  protein	
  drug	
  
is	
  taken	
  up	
  by	
  antigen-­‐presenting	
  cells	
  (APCs)	
  through	
  pinocytosis,	
  phagocytosis,	
  or	
  
recepetor-­‐mediated	
  or	
  –independent	
  endocytosis.	
  The	
  antigen	
  is	
  unfolded	
  and	
  
through	
  a	
  series	
  of	
  progressively	
  more	
  acidic	
  endosomal	
  compartments	
  before	
  
subsequent	
  fusion	
  with	
  the	
  MHC	
  class	
  II	
  compartment	
  where	
  a	
  diverse	
  set	
  of	
  
proteolytic	
  enzymes	
  processes	
  the	
  antigen	
  into	
  variable-­‐length	
  peptide	
  fragments.	
  A	
  
specific	
  subset	
  of	
  these	
  peptides	
  are	
  selectively	
  loaded	
  onto	
  human-­‐leukocyte	
  
antigen	
  (HLA)	
  MHC	
  class	
  II	
  receptors	
  (MHC-­‐II)	
  before	
  being	
  shuttled	
  back	
  to	
  the	
  cell	
  
membrane	
  for	
  extracellular	
  display	
  of	
  antigen	
  fragments	
  on	
  MHC	
  cell	
  surface	
  
receptors.	
  MHC	
  molecules	
  are	
  highly	
  polymorphic	
  in	
  the	
  human	
  population,	
  and	
  a	
  
given	
  MHC	
  allelic	
  variant	
  will	
  bind	
  only	
  a	
  unique	
  repertoire	
  of	
  peptide	
  sequences	
  
with	
  high	
  affinity.	
  There	
  are	
  six	
  main	
  heterozygous	
  MHC-­‐II	
  genes	
  in	
  humans	
  (DPA1,	
  
DPB1,	
  DQA1,	
  DQB1,	
  DRA,	
  DRB1),	
  all	
  of	
  which	
  have	
  many	
  allelic	
  variants,	
  such	
  that	
  
each	
  person	
  has	
  a	
  unique	
  complement	
  of	
  up	
  to	
  12	
  MHC-­‐II	
  receptors,	
  each	
  with	
  a	
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unique	
  peptide	
  binding	
  specificity	
  profile.	
  Once	
  displayed	
  on	
  the	
  cell	
  surface,	
  this	
  
MHC-­‐peptide	
  complex	
  may	
  be	
  bound	
  by	
  T	
  cell	
  receptors	
  (TCR)	
  on	
  the	
  surface	
  of	
  T	
  
cells.	
  If	
  a	
  TCR	
  does	
  bind	
  the	
  MHC-­‐peptide	
  complex	
  with	
  sufficient	
  affinity,	
  signal	
  
transduction	
  through	
  the	
  T	
  cell	
  membrane	
  may	
  lead	
  to	
  activation	
  of	
  the	
  T	
  cell.	
  
Though	
  extracellular	
  proteins	
  are	
  typically	
  processed	
  through	
  the	
  class	
  II	
  pathway	
  
just	
  described,	
  cross-­‐presentation	
  can	
  sometimes	
  divert	
  the	
  antigen	
  response	
  into	
  
the	
  class	
  I	
  pathway,	
  leading	
  to	
  loading	
  of	
  antigen	
  peptide	
  fragments	
  onto	
  MHC-­‐I	
  
molecules	
  which	
  display	
  there	
  own	
  unique	
  set	
  of	
  peptide	
  binding	
  specificities.	
  
Cross-­‐presentation	
  is	
  a	
  less	
  likely	
  and	
  less	
  well-­‐understood	
  phenomenon	
  that	
  is	
  
reviewed	
  in	
  sufficient	
  detail	
  elsewhere	
  [13].	
  
	
  
Experimental	
  Characterization	
  and	
  Reduction	
  of	
  Protein	
  Immunogenicity	
  
In	
  vitro	
  T	
  cell	
  assay	
  methods	
  may	
  be	
  used	
  to	
  gauge	
  the	
  potential	
  for	
  a	
  new	
  drug	
  
candidate	
  to	
  elicit	
  a	
  harmful	
  immune	
  response	
  before	
  costly	
  and	
  time-­‐consuming	
  in	
  
clinical	
  trials	
  begin.	
  Enzyme-­‐linked	
  immunosorbant	
  spot-­‐forming	
  (ELISpot)	
  assays	
  
can	
  be	
  used	
  to	
  measure	
  cytokine	
  produced	
  by	
  T	
  cells	
  stimulated	
  ex	
  vivo	
  after	
  
introduction	
  of	
  the	
  drug	
  to	
  the	
  cell	
  culture.	
  These	
  assays	
  are	
  similar	
  to	
  classical	
  
ELISA	
  screens,	
  but	
  can	
  give	
  qualitative	
  measurements	
  of	
  the	
  number	
  of	
  cytokine-­‐
producing	
  cells.	
  T	
  cell	
  proliferation	
  may	
  be	
  measured	
  by	
  incubating	
  antigen-­‐
experienced	
  T	
  cells	
  with	
  MHC-­‐peptide	
  complexes	
  in	
  the	
  presence	
  of	
  radioactive	
  
nucleotides,	
  leading	
  to	
  radiolabeling	
  of	
  proliferating	
  T	
  cell	
  pools	
  but	
  not	
  resting	
  
inactive	
  pools.	
  T	
  cells	
  expressing	
  TCRs	
  that	
  recognize	
  a	
  specific	
  epitope	
  may	
  be	
  
selectively	
  identified	
  using	
  MHC	
  tetramers.	
  Here,	
  a	
  tetrameric	
  complex	
  of	
  MHC-­‐II	
  
receptors	
  conjugated	
  with	
  a	
  linker	
  to	
  the	
  epitope	
  of	
  interest	
  are	
  fluorescently	
  
labeled,	
  allowing	
  for	
  staining	
  of	
  T	
  cells	
  reactive	
  to	
  that	
  epitope	
  sequence	
  and	
  rapid	
  
isolation	
  with	
  fluorescence-­‐activated	
  cell	
  sorting	
  (FACS).	
  
	
  
After	
  identification	
  of	
  T	
  cell	
  epitopes	
  in	
  the	
  protein	
  drug,	
  experimental	
  “de-­‐
immunization”	
  efforts	
  to	
  reduce	
  the	
  immunogenicity	
  of	
  the	
  therapeutic	
  typically	
  rely	
  
on	
  multiple	
  cycles	
  of	
  epitope	
  mutation	
  and	
  re-­‐characterization	
  of	
  both	
  therapeutic	
  
activity	
  and	
  immunogenicity.	
  Unfortunately,	
  it	
  is	
  difficult	
  to	
  determine	
  a	
  priori	
  
which	
  mutations	
  to	
  the	
  protein	
  will	
  still	
  allow	
  for	
  proper	
  folding	
  and	
  function	
  of	
  the	
  
molecule,	
  nor	
  is	
  it	
  immediately	
  obvious	
  what	
  mutations	
  will	
  eliminate	
  the	
  epitope	
  
without	
  creating	
  a	
  new	
  epitope.	
  Mutations	
  that	
  still	
  allow	
  for	
  functional	
  activity	
  of	
  
the	
  protein	
  may	
  be	
  identified	
  through	
  alanine-­‐scanning	
  mutagenisis	
  or	
  through	
  
random	
  mutation	
  and	
  selection	
  of	
  active	
  drug	
  variants.	
  Removal	
  of	
  T	
  cell	
  epitopes	
  
from	
  staphylokinase	
  constitutes	
  the	
  first	
  published	
  deimmunization	
  effort	
  in	
  2002	
  
[15].	
  Here,	
  alanine	
  mutations	
  were	
  made	
  at	
  MHC	
  anchoring	
  residues,	
  and	
  active	
  
mutants	
  were	
  found	
  that	
  eliminated	
  T	
  cell	
  response	
  and	
  in	
  vivo	
  immunogenicity.	
  
Since	
  then	
  epitope	
  removal	
  efforts	
  have	
  been	
  applied	
  to	
  many	
  different	
  targets,	
  and	
  
to	
  a	
  number	
  of	
  commercial	
  protein	
  therapeutics	
  by	
  Biovation	
  [16],	
  Epimmune	
  [17],	
  
Genencor	
  [18],	
  and	
  others,	
  using	
  a	
  diverse	
  range	
  of	
  different	
  methods.	
  
Deimmunization	
  of	
  protein	
  therapeutics	
  is	
  a	
  rapidly	
  changing	
  field	
  garnering	
  
greater	
  and	
  greater	
  focus	
  with	
  the	
  increasing	
  number	
  of	
  immunogenic	
  biologics	
  
both	
  in	
  active	
  development	
  and	
  currently	
  on	
  the	
  market.	
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Designer	
  Proteins	
  as	
  Synthetic	
  Biological	
  Therapeutics:	
  Affinity,	
  Specificity,	
  
and	
  Immunogenicity	
  
Computational	
  protein	
  design	
  may	
  provide	
  the	
  tools	
  necessary	
  to	
  create	
  a	
  novel	
  
class	
  of	
  therapeutic	
  molecules	
  with	
  tunable	
  biophysical	
  properties	
  such	
  as	
  increased	
  
specificity	
  in	
  molecular	
  recognition,	
  tighter	
  binding	
  to	
  molecular	
  targets,	
  and	
  
reduced	
  immunogenicity	
  in	
  systemic	
  delivery.	
  Computational	
  protein	
  design	
  has	
  
already	
  shown	
  substantial	
  success	
  in	
  design	
  of	
  stable	
  non-­‐natural	
  protein	
  folds	
  [9],	
  
high-­‐affinity	
  protein	
  binders	
  for	
  novel	
  protein	
  targets	
  [10],	
  ligand-­‐binding	
  proteins	
  
for	
  synthetic	
  organic	
  molecules	
  [11],	
  and	
  new	
  enzymes	
  to	
  catalyze	
  non-­‐natural	
  
chemical	
  reactions	
  [12].	
  All	
  these	
  successes	
  have	
  hinged	
  on	
  our	
  ability	
  to	
  correctly	
  
model	
  the	
  molecular	
  energetics	
  of	
  protein	
  interfaces	
  and	
  our	
  ability	
  to	
  use	
  these	
  
models	
  to	
  predict	
  the	
  structural	
  and	
  functional	
  effects	
  of	
  design	
  mutations.	
  By	
  
leveraging	
  the	
  power	
  of	
  this	
  approach	
  to	
  molecular	
  design,	
  we	
  may	
  open	
  the	
  door	
  
for	
  the	
  development	
  of	
  novel	
  therapies	
  targeting	
  a	
  wide	
  range	
  of	
  currently	
  
untreatable	
  diseases.	
  
	
  
Sequence	
  Optimization	
  in	
  Computational	
  Protein	
  Design	
  
The	
  protein	
  design	
  problem	
  is	
  typically	
  considered	
  as	
  the	
  inverse	
  of	
  the	
  protein-­‐
folding	
  problem:	
  given	
  a	
  three-­‐dimensional	
  structural	
  template,	
  find	
  a	
  sequence	
  that	
  
will	
  adopt	
  that	
  structure	
  spontaneously.	
  The	
  fixed-­‐backbone	
  approach	
  to	
  protein	
  
design	
  samples	
  different	
  residue	
  identities	
  at	
  fixed	
  positions	
  in	
  the	
  protein	
  structure	
  
(Fig.	
  1).	
  At	
  each	
  sequence	
  position	
  in	
  the	
  protein	
  chain,	
  different	
  amino	
  acids	
  may	
  
adopt	
  different	
  sidechain	
  conformations	
  according	
  to	
  intra-­‐	
  and	
  inter-­‐molecular	
  
energetics.	
  To	
  sample	
  this	
  vast	
  sequence	
  and	
  structure	
  space,	
  sidechain	
  torsional	
  
conformations	
  are	
  discretized	
  into	
  discrete	
  rotational	
  isomers,	
  “rotamers”,	
  and	
  bond	
  
lengths	
  and	
  angles	
  are	
  held	
  fixed.	
  In	
  protein	
  crystal	
  structures,	
  most	
  amino	
  acids	
  
adopt	
  one	
  of	
  a	
  discrete	
  set	
  of	
  sidechain	
  conformations	
  as	
  a	
  function	
  of	
  backbone	
  
angle	
  and	
  local	
  sterics.	
  This	
  allows	
  for	
  the	
  clustering	
  of	
  the	
  conformations	
  into	
  a	
  
small	
  number	
  of	
  discrete	
  rotameric	
  states.	
  During	
  the	
  design	
  process,	
  different	
  
rotamers	
  of	
  different	
  identities	
  are	
  swapped	
  in	
  and	
  out	
  of	
  different	
  sequence	
  
positions	
  in	
  order	
  to	
  minimize	
  the	
  predicted	
  folding	
  free	
  energy	
  of	
  the	
  protein.	
  Brute	
  
force	
  sampling	
  of	
  all	
  20N	
  possible	
  sequences	
  and	
  associated	
  conformational	
  states	
  is	
  
unpractical	
  and	
  computationally	
  intractable.	
  Combinatorial	
  optimization	
  of	
  the	
  
protein	
  sequence	
  can	
  be	
  carried	
  out	
  in	
  a	
  biased	
  stochastic	
  manner	
  using	
  multiple	
  
rounds	
  of	
  Metropolis-­‐Monte	
  Carlo	
  and	
  simulated	
  annealing,	
  allowing	
  for	
  fast	
  
convergence	
  to	
  near-­‐optimal	
  sequences.	
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Figure	
  1.	
  Fixed-­backbone	
  protein	
  design	
  proceeds	
  by	
  rapid	
  iteration	
  of	
  two	
  
interrelated	
  steps:	
  sampling	
  and	
  scoring.	
  A	
  predefined	
  set	
  of	
  design	
  positions,	
  
allowed	
  amino	
  acids	
  at	
  those	
  positions,	
  and	
  a	
  discrete	
  number	
  of	
  sidechain	
  rotamers	
  
for	
  each	
  amino	
  acid	
  are	
  sampled	
  stochastically	
  to	
  optimize	
  the	
  computed	
  energy.	
  
This	
  energy	
  is	
  evaluated	
  for	
  each	
  state	
  in	
  the	
  scoring	
  phase,	
  where	
  intra-­‐	
  and	
  inter-­‐
molecular	
  energies	
  are	
  calculated	
  as	
  function	
  of	
  the	
  three-­‐dimensional	
  coordinates	
  
and	
  chemical	
  connectivity	
  of	
  all	
  the	
  atoms	
  in	
  the	
  simulation.	
  
	
  
Modeling	
  Energetics	
  in	
  Computational	
  Protein	
  Design	
  
A	
  quantitative	
  model	
  of	
  the	
  intra-­‐	
  and	
  intermolecular	
  forces	
  governing	
  protein	
  
folding	
  and	
  binding	
  is	
  critical	
  to	
  our	
  ability	
  to	
  design	
  new	
  proteins.	
  These	
  forces	
  can	
  
be	
  put	
  into	
  three	
  categories:	
  chemical	
  bonds,	
  protein-­‐protein	
  forces,	
  and	
  protein-­‐
water-­‐forces.	
  The	
  conformational	
  preferences	
  of	
  bonded	
  atoms	
  obey	
  quantum	
  
mechanical	
  rules	
  that	
  are	
  difficult	
  to	
  calculate	
  and	
  are	
  outside	
  the	
  scope	
  of	
  this	
  
work.	
  However,	
  we	
  may	
  glean	
  the	
  emergent	
  effects	
  of	
  these	
  forces	
  by	
  observing	
  
high-­‐resolution	
  crystal	
  structures	
  and	
  collecting	
  statistics	
  on	
  bond	
  lengths,	
  angles,	
  
and	
  dihedrals	
  as	
  a	
  function	
  of	
  amino	
  acid	
  type	
  and	
  local	
  chemical	
  environment.	
  
These	
  statistics	
  can	
  be	
  used	
  to	
  construct	
  heuristically	
  motivated	
  potentials	
  that	
  
recapture	
  these	
  phenomena	
  and	
  bias	
  bonded	
  atoms	
  into	
  native-­‐like	
  conformations.	
  
The	
  increasingly	
  vast	
  number	
  of	
  crystal	
  structures	
  available	
  for	
  training	
  these	
  
statistical	
  models	
  allows	
  for	
  further	
  conditioning	
  on	
  priors	
  such	
  as	
  local	
  sequence,	
  
local	
  structure,	
  solvent	
  exposure,	
  and	
  other	
  local	
  environmental	
  factors	
  
	
  
Protein-­‐protein	
  forces	
  may	
  be	
  captured	
  by	
  a	
  sum	
  of	
  distance-­‐dependent	
  inter-­‐
atomic	
  interaction	
  potentials.	
  Van	
  der	
  Waals	
  forces	
  are	
  typically	
  accounted	
  for	
  with	
  
a	
  standard	
  Lennard-­‐Jones	
  curve;	
  an	
  easily	
  computed	
  spline	
  of	
  the	
  emergent	
  effects	
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of	
  the	
  Pauli	
  exclusion	
  principle	
  (non-­‐polar	
  repulsion)	
  and	
  electron	
  polarization	
  
(non-­‐polar	
  attraction).	
  Electrostatic	
  interactions	
  are	
  often	
  simply	
  modeled	
  as	
  
Coulomb	
  charges	
  in	
  a	
  dielectric	
  medium.	
  Because	
  polar	
  water	
  molecules	
  will	
  orient	
  
partial	
  charges	
  toward	
  solvent-­‐exposed	
  charged	
  groups,	
  electrostatic	
  interactions	
  
can	
  be	
  screened	
  and	
  dampened	
  when	
  they	
  occur	
  in	
  or	
  near	
  the	
  polar	
  solvent	
  
environment;	
  when	
  charges	
  are	
  buried	
  in	
  the	
  core	
  of	
  the	
  protein,	
  the	
  dielectric	
  
environment	
  more	
  closely	
  approximates	
  a	
  vacuum	
  with	
  a	
  relative	
  increase	
  the	
  
strength	
  of	
  charge-­‐charge	
  interactions.	
  Accounting	
  for	
  the	
  dielectric	
  environment	
  in	
  
a	
  computationally	
  efficient	
  manner	
  is	
  the	
  subject	
  of	
  active	
  development,	
  from	
  simple	
  
and	
  fast	
  distance-­‐dependent	
  dielectric	
  models	
  to	
  complex	
  and	
  slow	
  Poisson-­‐
Boltzmann	
  calculations.	
  Hydrogen	
  bonds	
  are	
  unique	
  in	
  that	
  they	
  exhibit	
  both	
  ionic-­‐
like	
  and	
  covalent-­‐like	
  characteristics.	
  Similar	
  to	
  the	
  modeling	
  of	
  bond	
  torsional	
  
angles,	
  the	
  complex	
  quantum	
  effects	
  underlying	
  hydrogen	
  bond	
  energies	
  and	
  
geometries	
  can	
  be	
  captured	
  by	
  collecting	
  statistics	
  from	
  high-­‐resolution	
  crystal	
  
structures,	
  facilitating	
  rapid	
  evaluation	
  of	
  approximate	
  hydrogen	
  bond	
  forces	
  to	
  bias	
  
simulations	
  toward	
  native-­‐like	
  geometries	
  and	
  design	
  of	
  native-­‐like	
  binding	
  motifs.	
  
	
  
Protein-­‐water	
  forces	
  are	
  critical	
  to	
  the	
  evaluation	
  of	
  protein	
  design	
  solutions,	
  as	
  the	
  
“hydrophobic	
  effect”	
  remains	
  the	
  primary	
  driving	
  force	
  behind	
  protein	
  folding	
  and	
  
self-­‐assembly.	
  These	
  effects	
  are	
  very	
  difficult	
  to	
  model	
  accurately	
  unless	
  bulk	
  water	
  
molecules	
  are	
  accounted	
  for	
  explicitly,	
  as	
  in	
  all-­‐atom	
  molecular	
  dynamics	
  
simulations.	
  Unfortunately,	
  the	
  massive	
  sampling	
  of	
  sequence	
  space	
  required	
  by	
  
protein	
  design	
  renders	
  concomitant	
  sampling	
  of	
  all	
  solvent	
  degrees	
  of	
  freedom	
  
intractable	
  at	
  best.	
  To	
  work	
  around	
  this	
  problem,	
  implicit	
  solvation	
  models	
  attempt	
  
to	
  account	
  for	
  water	
  molecules	
  in	
  a	
  continuous,	
  mean-­‐field	
  manner	
  as	
  a	
  function	
  of	
  
the	
  protein	
  atomic	
  configurations.	
  Solvent-­‐exclusion	
  models	
  account	
  for	
  water	
  
effects	
  by	
  calculating	
  the	
  energetic	
  costs	
  of	
  desolvation	
  for	
  each	
  atom.	
  Every	
  
chemical	
  group	
  is	
  assigned	
  a	
  reference	
  free	
  energy	
  of	
  solvation,	
  representing	
  the	
  
energy	
  released	
  or	
  absorbed	
  when	
  that	
  chemical	
  group	
  is	
  fully	
  solvated	
  with	
  water	
  
molecules.	
  Other	
  protein	
  atoms	
  in	
  the	
  vicinity	
  of	
  a	
  given	
  atom	
  “exclude”	
  some	
  
fraction	
  of	
  the	
  total	
  water	
  molecules	
  surrounding	
  the	
  atom	
  in	
  the	
  fully-­‐solvated	
  
state.	
  The	
  energetic	
  penalty	
  of	
  excluding	
  solvent	
  from	
  interaction	
  with	
  the	
  atom	
  or	
  
chemical	
  group	
  is	
  thus	
  proportional	
  to	
  both	
  the	
  volume	
  of	
  space	
  excluded	
  and	
  the	
  
reference	
  free	
  energy	
  of	
  solvation.	
  Variants	
  of	
  this	
  model	
  may	
  account	
  for	
  water	
  
hydrogen	
  bonding	
  and	
  the	
  anisotropic	
  distribution	
  of	
  solvent	
  around	
  polar	
  chemical	
  
groups	
  with	
  an	
  exclusion	
  model	
  dependent	
  on	
  the	
  precise	
  orientations	
  of	
  protein-­‐
protein	
  inter-­‐atomic	
  geometries.	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  



	
   	
   9	
  

Chapter	
  2	
  
	
  
Structure-­based	
  prediction	
  of	
  protein-­peptide	
  
specificity	
  in	
  Rosetta	
  
	
  
	
  
Disclosure:	
  This	
  chapter	
  has	
  been	
  published	
  as	
  
	
  
King,	
  Christopher	
  A.,	
  and	
  Philip	
  Bradley.	
  "Structure-­‐based	
  prediction	
  of	
  protein–
peptide	
  specificity	
  in	
  Rosetta."	
  Proteins:	
  Structure,	
  Function,	
  and	
  Bioinformatics78.16	
  
(2010):	
  3437-­‐3449.	
  
	
  
My	
  contributions	
  consisted	
  of	
  devising	
  the	
  algorithms	
  and	
  protocols	
  described,	
  
implementing	
  those	
  protocols	
  in	
  the	
  Rosetta	
  molecular	
  modeling	
  package,	
  
performing	
  calculations	
  and	
  analyzing	
  data,	
  and	
  writing	
  the	
  full	
  text	
  of	
  the	
  paper.	
  
	
  
	
  
Abstract:	
  
	
  
Protein-­‐peptide	
  interactions	
  mediate	
  many	
  of	
  the	
  connections	
  in	
  intracellular	
  
signaling	
  networks.	
  A	
  generalized	
  computational	
  framework	
  for	
  atomically	
  precise	
  
modeling	
  of	
  protein-­‐peptide	
  specificity	
  may	
  allow	
  for	
  predicting	
  molecular	
  
interactions,	
  anticipating	
  the	
  effects	
  of	
  drugs	
  and	
  genetic	
  mutations,	
  and	
  redesigning	
  
molecules	
  for	
  new	
  interactions.	
  We	
  have	
  developed	
  an	
  extensible,	
  general	
  algorithm	
  
for	
  structure-­‐based	
  prediction	
  of	
  protein-­‐peptide	
  specificity	
  as	
  part	
  of	
  the	
  Rosetta	
  
molecular	
  modeling	
  package.	
  The	
  algorithm	
  is	
  not	
  restricted	
  to	
  any	
  one	
  peptide-­‐
binding	
  domain	
  family	
  and,	
  at	
  minimum,	
  does	
  not	
  require	
  an	
  experimentally	
  
characterized	
  structure	
  of	
  the	
  target	
  protein	
  nor	
  any	
  information	
  about	
  sequence	
  
specificity,	
  although	
  known	
  structural	
  data	
  can	
  be	
  incorporated	
  when	
  available	
  to	
  
improve	
  performance.	
  We	
  demonstrate	
  substantial	
  success	
  in	
  specificity	
  prediction	
  
across	
  a	
  diverse	
  set	
  of	
  peptide-­‐binding	
  proteins,	
  and	
  show	
  how	
  performance	
  is	
  
affected	
  when	
  incorporating	
  varying	
  degrees	
  of	
  input	
  structural	
  data.	
  We	
  also	
  
illustrate	
  how	
  structure-­‐based	
  approaches	
  can	
  provide	
  atomic-­‐level	
  insight	
  into	
  
mechanisms	
  of	
  peptide	
  recognition	
  and	
  can	
  predict	
  the	
  effects	
  of	
  point	
  mutations	
  on	
  
peptide	
  specificity.	
  Shortcomings	
  and	
  artifacts	
  of	
  our	
  benchmark	
  predictions	
  are	
  
explained,	
  and	
  limits	
  on	
  the	
  generality	
  of	
  the	
  method	
  are	
  explored.	
  This	
  work	
  
provides	
  a	
  promising	
  foundation	
  upon	
  which	
  further	
  development	
  of	
  completely	
  
generalized,	
  de	
  novo	
  prediction	
  of	
  peptide	
  specificity	
  may	
  progress.	
  
	
  
Keywords:	
  peptide	
  specificity,	
  peptide	
  recognition	
  domains,	
  linear	
  binding	
  motifs,	
  
peptide	
  design,	
  molecular	
  modeling,	
  Rosetta	
  PepSpec	
  
	
  
Abbreviations:	
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PRD,	
  peptide	
  recognition	
  domain,	
  PDB,	
  Protein	
  Data	
  Bank,	
  PWM,	
  position-­‐weight	
  
matrix	
  
	
  
Introduction:	
  
	
  
The	
  small	
  number	
  of	
  genes	
  in	
  the	
  human	
  genome	
  is	
  able	
  to	
  produce	
  organisms	
  of	
  
such	
  astounding	
  complexity	
  due	
  in	
  large	
  part	
  to	
  the	
  signaling	
  networks	
  created	
  by	
  
protein-­‐protein	
  interactions.	
  Such	
  interactions	
  are	
  often	
  mediated	
  by	
  peptide	
  
recognition	
  domains	
  (PRDs),	
  modular	
  protein	
  domains	
  that	
  bind	
  specifically	
  to	
  one	
  
or	
  more	
  short,	
  linear	
  amino	
  acid	
  sequences.	
  The	
  topology	
  of	
  protein	
  signaling	
  
networks	
  depends	
  in	
  part	
  on	
  these	
  specific	
  intermolecular	
  binding	
  events.	
  The	
  
ability	
  to	
  predict	
  these	
  interactions	
  based	
  solely	
  on	
  the	
  sequence	
  of	
  the	
  PRD	
  
circumvents	
  the	
  need	
  for	
  time-­‐	
  and	
  cost-­‐intensive	
  experiments	
  and	
  is	
  a	
  significant	
  
step	
  toward	
  prediction	
  of	
  entire	
  signaling	
  networks	
  using	
  genomic	
  data.	
  
	
  
Past	
  approaches	
  to	
  peptide	
  binding	
  specificity	
  prediction	
  fall	
  on	
  a	
  spectrum	
  that	
  
runs	
  from	
  data-­‐intensive	
  statistical	
  and	
  machine-­‐learning	
  approaches	
  at	
  one	
  end	
  to	
  
biophysical	
  and	
  computational	
  chemistry	
  methods	
  at	
  the	
  other.	
  The	
  probabilistic	
  
methods	
  at	
  one	
  end	
  of	
  this	
  spectrum	
  rely	
  on	
  the	
  previously	
  observed	
  behavior	
  of	
  a	
  
molecular	
  system,	
  leveraging	
  data	
  from	
  actual	
  peptide	
  binding	
  experiments	
  to	
  train	
  
a	
  classifier	
  to	
  discriminate	
  between	
  binding	
  and	
  non-­‐binding	
  peptides	
  or	
  predict	
  
binding	
  affinities	
  and	
  peptide	
  binding	
  profiles.	
  Such	
  methods	
  have	
  been	
  used	
  
extensively	
  in	
  machine	
  learning-­‐based	
  prediction	
  of	
  MHC-­‐peptide	
  specificity	
  1-­‐3	
  and	
  
PDZ	
  domain	
  specificity	
  4.	
  These	
  methods	
  have	
  the	
  advantage	
  of	
  being	
  fast	
  and	
  
sometimes	
  extremely	
  accurate;	
  however,	
  they	
  typically	
  require	
  large	
  amounts	
  of	
  
experimental	
  training	
  data,	
  and	
  thus	
  may	
  fail	
  for	
  systems	
  that	
  have	
  not	
  been	
  well	
  
characterized	
  experimentally.	
  By	
  contrast,	
  physical/structural	
  methods	
  rely	
  on	
  
basic	
  principles	
  of	
  chemistry	
  and	
  physics	
  in	
  order	
  to	
  predict	
  the	
  relative	
  binding	
  
affinities	
  of	
  different	
  peptide	
  ligands	
  from	
  the	
  precise	
  three-­‐dimensional	
  structure	
  
of	
  the	
  protein-­‐peptide	
  complexes.	
  Prediction	
  of	
  binding	
  affinity	
  is	
  often	
  based	
  on	
  ab	
  
initio	
  free	
  energy	
  calculations	
  as	
  per	
  classical	
  molecular	
  mechanics	
  or	
  semi-­‐
empirical	
  force	
  fields	
  5-­‐8.	
  Though	
  these	
  ab	
  initio	
  methods	
  can	
  be	
  accurate	
  even	
  in	
  the	
  
absence	
  of	
  experimental	
  data	
  or	
  when	
  non-­‐canonical	
  binding	
  modes	
  are	
  important,	
  
they	
  require	
  large	
  computational	
  resources,	
  making	
  it	
  challenging	
  to	
  explore	
  a	
  large	
  
number	
  of	
  peptide	
  sequences.	
  Additionally,	
  they	
  typically	
  rely	
  on	
  an	
  experimentally	
  
characterized	
  protein	
  structure	
  as	
  input.	
  Many	
  methods	
  for	
  peptide	
  specificity	
  
prediction	
  fall	
  somewhere	
  between	
  these	
  two	
  extremes.	
  For	
  example,	
  the	
  Predikin	
  
webserver	
  uses	
  a	
  database	
  of	
  “substrate-­‐determining	
  residues”	
  manually	
  curated	
  
from	
  X-­‐ray	
  protein	
  structures,	
  along	
  with	
  public	
  databases	
  of	
  known	
  kinase	
  targets,	
  
to	
  predict	
  the	
  specificity	
  of	
  Ser/Thr	
  kinases	
  9.	
  Hou	
  et	
  al.	
  used	
  a	
  combination	
  of	
  
homology	
  modeling,	
  molecular	
  dynamics,	
  and	
  machine	
  learning	
  to	
  predict	
  the	
  
substrates	
  of	
  SH3	
  domains	
  10.	
  In	
  another	
  study,	
  Sánchez	
  et.	
  al	
  used	
  the	
  FoldX	
  force	
  
field	
  and	
  in	
  silico	
  site-­‐directed	
  mutagenesis	
  of	
  known	
  crystal	
  structures	
  to	
  predict	
  
peptide	
  binding	
  affinities	
  and	
  interaction	
  maps	
  for	
  SH2	
  domains	
  11.	
  All	
  of	
  these	
  
methods	
  rely	
  on	
  a	
  large	
  number	
  of	
  experimentally	
  determined	
  structures	
  from	
  the	
  
PDB,	
  and	
  are	
  primarily	
  tailored	
  to	
  one	
  specific	
  class	
  of	
  PRD.	
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Here,	
  we	
  describe	
  pepspec,	
  a	
  flexible	
  structure-­‐based	
  algorithm	
  for	
  prediction	
  of	
  
protein-­‐peptide	
  specificity	
  developed	
  within	
  the	
  Rosetta	
  molecular	
  modeling	
  
package	
  12.	
  The	
  pepspec	
  algorithm	
  is	
  essentially	
  an	
  anchored,	
  flexible-­‐backbone	
  
peptide	
  docking	
  and	
  design	
  algorithm	
  in	
  which	
  the	
  sequence	
  and	
  structure	
  of	
  the	
  
peptide	
  are	
  simultaneously	
  optimized.	
  Rather	
  than	
  performing	
  global	
  peptide	
  
docking	
  searches,	
  pepspec	
  requires	
  as	
  input	
  an	
  approximate	
  location	
  for	
  a	
  key	
  
“anchor”	
  residue	
  of	
  the	
  peptide;	
  the	
  remainder	
  of	
  the	
  peptide	
  is	
  assembled	
  from	
  
fragments	
  as	
  in	
  de	
  novo	
  structure	
  prediction	
  and	
  refined	
  with	
  simultaneous	
  
sequence	
  optimization.	
  Backbone	
  flexibility	
  of	
  the	
  protein	
  is	
  incorporated	
  implicitly	
  
by	
  docking	
  into	
  a	
  structural	
  ensemble	
  for	
  the	
  protein	
  partner.	
  The	
  algorithm	
  builds	
  
upon	
  established	
  strengths	
  of	
  the	
  Rosetta	
  modeling	
  package	
  in	
  conformational	
  
sampling	
  and	
  protein	
  sequence	
  design.	
  We	
  show	
  promising	
  benchmark	
  results	
  for	
  a	
  
diverse	
  set	
  of	
  peptide-­‐binding	
  proteins,	
  and	
  demonstrate	
  that	
  use	
  of	
  atomically	
  
precise	
  structural	
  modeling	
  not	
  only	
  permits	
  accurate	
  predictions	
  without	
  the	
  use	
  of	
  
any	
  experimental	
  specificity	
  data,	
  but	
  may	
  elucidate	
  structural	
  mechanisms	
  of	
  
specificity	
  as	
  well.	
  This	
  work	
  extends	
  the	
  work	
  of	
  Sood	
  et.	
  al	
  13	
  in	
  which	
  Rosetta	
  was	
  
used	
  to	
  design	
  peptide	
  extensions	
  onto	
  PRD-­‐bound	
  peptides.	
  However,	
  because	
  
pepspec	
  prediction	
  of	
  a	
  target	
  protein’s	
  specificity	
  profile	
  does	
  not	
  require	
  the	
  
structure	
  of	
  the	
  protein	
  bound	
  to	
  a	
  peptide,	
  we	
  are	
  able	
  to	
  make	
  predictions	
  for	
  both	
  
unbound	
  structures	
  and	
  homology	
  models.	
  We	
  present	
  results	
  from	
  a	
  number	
  of	
  
different	
  benchmark	
  tests	
  of	
  increasing	
  difficulty,	
  and	
  evaluate	
  the	
  major	
  hurdles	
  
and	
  strategies	
  for	
  increasing	
  the	
  accuracy	
  of	
  the	
  algorithm	
  in	
  cases	
  where	
  high-­‐
resolution	
  structural	
  modeling	
  becomes	
  difficult.	
  

	
  
Methods:	
  
	
  
The	
  pepspec	
  application	
  requires	
  two	
  inputs:	
  a	
  set	
  of	
  backbone	
  coordinates	
  for	
  the	
  
target	
  protein	
  obtained	
  via	
  experiment	
  or	
  computational	
  modeling,	
  and	
  an	
  
approximate	
  docking	
  location	
  for	
  a	
  single	
  anchor	
  residue	
  in	
  the	
  peptide.	
  The	
  use	
  of	
  
an	
  anchor	
  residue	
  is	
  motivated	
  by	
  the	
  existence	
  in	
  many	
  PRD	
  families	
  of	
  a	
  key	
  
peptide	
  residue	
  whose	
  docking	
  location	
  is	
  highly	
  constrained:	
  in	
  the	
  case	
  of	
  kinases,	
  
this	
  is	
  the	
  residue	
  to	
  be	
  phosphorylated;	
  for	
  phospho-­‐binding	
  families	
  such	
  as	
  the	
  
SH2	
  domain	
  this	
  is	
  the	
  phosphorylated	
  residue;	
  for	
  families	
  such	
  as	
  the	
  PDZ	
  domain	
  
that	
  recognize	
  terminal	
  peptides,	
  the	
  anchor	
  is	
  the	
  terminal	
  residue	
  itself.	
  For	
  all	
  the	
  
modeling	
  simulations	
  described	
  in	
  this	
  work,	
  the	
  peptide	
  anchor	
  residue	
  is	
  specified	
  
by	
  the	
  user,	
  and	
  the	
  approximate	
  binding	
  location	
  is	
  defined	
  by	
  the	
  position	
  of	
  the	
  
anchor	
  residue	
  in	
  one	
  or	
  more	
  structures	
  of	
  homologous	
  protein-­‐peptide	
  complexes.	
  
The	
  protocol	
  then	
  proceeds	
  in	
  three	
  stages	
  (Figure	
  1).	
  Briefly,	
  a	
  structural	
  ensemble	
  
of	
  the	
  target	
  protein	
  is	
  generated	
  and	
  the	
  data	
  on	
  approximate	
  anchor	
  location	
  are	
  
used	
  to	
  constrain	
  the	
  docking	
  of	
  a	
  new,	
  user-­‐defined	
  anchor	
  residue	
  to	
  the	
  surface	
  of	
  
the	
  target	
  protein,	
  thus	
  generating	
  an	
  ensemble	
  of	
  target	
  protein	
  structures	
  docked	
  
to	
  a	
  single	
  amino	
  acid.	
  Next,	
  these	
  structures	
  serve	
  as	
  the	
  starting	
  point	
  for	
  a	
  
flexible-­‐backbone	
  peptide	
  design	
  protocol	
  followed	
  by	
  fixed-­‐backbone	
  sequence	
  
sampling.	
  After	
  generating	
  a	
  large	
  number	
  of	
  candidate	
  peptides,	
  sequences	
  are	
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sorted	
  by	
  predicted	
  binding	
  energies	
  and	
  compiled	
  into	
  a	
  specificity	
  prediction	
  for	
  
the	
  target	
  PRD.	
  
	
  
This	
  basic	
  protocol	
  can	
  be	
  modified	
  by	
  the	
  user	
  to	
  incorporate	
  additional	
  structural	
  
data.	
  If	
  a	
  peptide-­‐bound	
  structure	
  of	
  the	
  target	
  protein	
  itself	
  is	
  available,	
  the	
  fixed-­‐
backbone	
  sequence	
  sampling	
  phase	
  can	
  be	
  applied	
  independently,	
  allowing	
  for	
  local	
  
exploration	
  of	
  sequence	
  specificity	
  within	
  the	
  vicinity	
  of	
  the	
  input	
  structure.	
  If	
  
several	
  homologous	
  peptide-­‐bound	
  structures	
  are	
  available,	
  these	
  can	
  be	
  processed	
  
to	
  generate	
  loose	
  constraints	
  on	
  the	
  backbone	
  conformation	
  of	
  the	
  peptide	
  away	
  
from	
  the	
  anchor	
  residue.	
  
	
  

	
  
Figure	
  1.	
  Overview	
  of	
  algorithm	
  for	
  peptide	
  specificity	
  prediction.	
  	
  
The	
  peptide	
  specificity	
  algorithm	
  consists	
  of	
  three	
  stages:	
  (A)	
  a	
  prep	
  stage	
  in	
  which	
  
publicly	
  available	
  structural	
  data	
  are	
  used	
  to	
  obtain	
  a	
  PRD	
  model,	
  dock	
  an	
  anchor	
  
residue,	
  and	
  optionally	
  derive	
  Ca	
  constraints,	
  (B)	
  a	
  peptide	
  design	
  stage	
  in	
  which	
  
high	
  affinity	
  peptides	
  are	
  built	
  from	
  the	
  anchor	
  residue,	
  and	
  (C)	
  a	
  postprocessing	
  
stage	
  in	
  which	
  a	
  specificity	
  PWM	
  is	
  generated	
  from	
  the	
  designed	
  peptides	
  and	
  
normalized	
  by	
  background	
  noise.	
  
	
  
	
  
Input	
  structure	
  preparation	
  and	
  diversification	
  
	
  
Target	
  protein	
  backbone	
  coordinates	
  were	
  obtained	
  from	
  either	
  the	
  Protein	
  Data	
  
Bank	
  (PDB)	
  14	
  or	
  via	
  homology	
  modeling.	
  All	
  PDB-­‐derived	
  coordinates	
  were	
  crystal	
  
structures	
  with	
  resolution	
  less	
  than	
  3	
  Å.	
  To	
  ensure	
  homology	
  modeling	
  tests	
  of	
  non-­‐
trivial	
  difficulty,	
  we	
  excluded	
  template	
  proteins	
  with	
  more	
  than	
  50%	
  sequence	
  
identity	
  to	
  the	
  target	
  protein.	
  Sequence	
  alignments	
  were	
  performed	
  with	
  the	
  
ClustalW	
  web	
  server	
  15.	
  Initial	
  backbone	
  coordinates	
  based	
  on	
  these	
  alignments	
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were	
  constructed	
  using	
  Modeller	
  16,	
  after	
  which	
  Rosetta	
  was	
  used	
  for	
  local	
  backbone	
  
and	
  side-­‐chain	
  optimization	
  and	
  diversification.	
  The	
  Rosetta	
  relax	
  application	
  12	
  was	
  
used	
  for	
  homology	
  models	
  based	
  on	
  unbound	
  template	
  structures,	
  whereas	
  the	
  
Rosetta	
  backrub	
  application	
  17	
  was	
  used	
  for	
  diversification	
  of	
  native	
  unbound	
  
structures	
  and	
  homology	
  models	
  based	
  on	
  bound	
  templates.	
  This	
  distinction	
  was	
  
made	
  because	
  homology	
  models	
  based	
  on	
  bound	
  templates,	
  though	
  more	
  similar	
  to	
  
the	
  native	
  peptide-­‐bound	
  conformation,	
  may	
  be	
  disfavored	
  when	
  in	
  the	
  unbound	
  
state.	
  Use	
  of	
  the	
  less	
  aggressive	
  backrub	
  algorithm	
  prevented	
  these	
  models	
  from	
  
moving	
  too	
  far	
  away	
  from	
  the	
  hypothetical	
  bound	
  state.	
  
	
  
	
  
Anchor	
  docking	
  with	
  constraints	
  
	
  
Structural	
  alignments	
  for	
  the	
  target	
  PRDs	
  and	
  their	
  homologues	
  were	
  performed	
  
using	
  the	
  align	
  command	
  in	
  PyMol	
  18	
  before	
  loading	
  the	
  structures	
  into	
  Rosetta.	
  The	
  
preparatory	
  stage	
  of	
  the	
  pepspec	
  application	
  begins	
  with	
  docking	
  of	
  anchor	
  residues	
  
to	
  members	
  of	
  the	
  input	
  target	
  structure	
  ensemble.	
  The	
  program	
  constrains	
  docking	
  
to	
  a	
  small	
  area	
  of	
  the	
  protein’s	
  surface	
  by	
  calculating	
  averages	
  and	
  standard	
  
deviations	
  for	
  all	
  rigid	
  body	
  degrees	
  of	
  freedom	
  between	
  the	
  protein	
  and	
  the	
  anchor	
  
residues	
  of	
  the	
  aligned	
  homolog-­‐peptide	
  complexes.	
  At	
  each	
  iteration	
  of	
  docking,	
  a	
  
new	
  user-­‐defined	
  anchor	
  residue	
  is	
  created	
  in	
  this	
  averaged	
  orientation	
  and	
  
perturbed	
  by	
  up	
  to	
  one	
  standard	
  deviation,	
  after	
  which	
  docking	
  to	
  the	
  protein	
  
surface	
  is	
  attempted	
  with	
  a	
  combination	
  of	
  small	
  Gaussian	
  perturbations	
  of	
  the	
  
rigid-­‐body	
  degrees	
  of	
  freedom	
  and	
  rotamer-­‐based	
  sidechain	
  optimization	
  and	
  
minimization	
  of	
  both	
  the	
  anchor	
  residue	
  and	
  neighboring	
  protein	
  residues.	
  If	
  
clashes	
  cannot	
  be	
  resolved,	
  the	
  simulation	
  is	
  terminated	
  and	
  begins	
  again.	
  This	
  
generates	
  an	
  ensemble	
  of	
  protein-­‐anchor	
  complexes	
  that	
  can	
  be	
  later	
  be	
  filtered	
  by	
  
score	
  to	
  isolate	
  energetically	
  favorable	
  conformations.	
  
	
  
Optionally,	
  homologous	
  structures	
  can	
  be	
  used	
  to	
  generate	
  a	
  set	
  of	
  coordinate	
  
constraints	
  on	
  the	
  peptide	
  residue	
  Cα	
  atoms	
  for	
  use	
  in	
  the	
  subsequent	
  peptide	
  
design	
  phase.	
  For	
  each	
  peptide	
  Cα	
  position,	
  a	
  flat-­‐bottom	
  harmonic	
  potential	
  is	
  
calculated	
  from	
  the	
  set	
  of	
  aligned	
  homolog	
  peptides	
  according	
  to	
  Equation	
  1.	
  The	
  
potential	
  is	
  centered	
  on	
  the	
  mean	
  Cα	
  position	
  and	
  has	
  a	
  minimum	
  zero-­‐potential	
  
well	
  width	
  equal	
  to	
  the	
  distance	
  from	
  the	
  mean	
  Cα	
  to	
  the	
  farthest	
  homolog	
  Cα	
  
coordinate.	
  To	
  avoid	
  over-­‐constraining	
  the	
  search	
  space	
  with	
  insufficient	
  data,	
  the	
  
well	
  width	
  increases	
  as	
  the	
  relative	
  number	
  of	
  data	
  points	
  for	
  that	
  position	
  
decreases.	
  During	
  the	
  subsequent	
  peptide	
  design	
  phase,	
  the	
  total	
  score	
  penalty	
  can	
  
be	
  calculated	
  as:	
  	
  
	
  
	
  

Ecst =
xi − µi − ti

σ i

⎛
⎝⎜

⎞
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2

,  xi − µ i > ti
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⎨
⎪

⎩
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∑ 	
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ti = ti

min * 2 − ni
N

⎛
⎝⎜

⎞
⎠⎟
1/3⎛

⎝⎜
⎞

⎠⎟
	
  

(2)	
  
	
  
	
   ti

min = max xhi,1 − µi ,... x
h
i,N − µi{ } 	
   (3)	
  

	
  
where,	
  for	
  each	
  peptide	
  position	
  i,	
  xi	
  is	
  the	
  ith	
  Cα	
  coordinate	
  of	
  the	
  peptide,	
  xhi,j	
  is	
  the	
  
ith	
  Cα	
  coordinate	
  of	
  homolog	
  j,	
  μi	
  and	
  σi	
  are	
  the	
  average	
  and	
  standard	
  deviation	
  for	
  
position	
  i	
  Cα	
  coordinates	
  over	
  all	
  N	
  homologs,	
  ni	
  is	
  the	
  number	
  of	
  homolog	
  
structures	
  that	
  contain	
  an	
  aligned	
  peptide	
  residue	
  at	
  that	
  position,	
  ti	
  is	
  the	
  zero-­‐
potential	
  tolerance	
  radius	
  for	
  that	
  position,	
  and	
  Ecst	
  is	
  the	
  total	
  energy	
  penalty	
  from	
  
the	
  constraint.	
  
	
  
Flexible-­backbone	
  peptide	
  design	
  
	
  
After	
  the	
  peptide	
  anchor	
  residue	
  has	
  been	
  docked,	
  a	
  peptide	
  backbone	
  is	
  generated	
  
using	
  a	
  reduced-­‐atom	
  model	
  of	
  the	
  protein-­‐peptide	
  complex.	
  That	
  is,	
  all	
  protein	
  
residues	
  except	
  proline	
  and	
  glycine	
  are	
  mutated	
  to	
  alanine,	
  and	
  all	
  peptide	
  residues	
  
except	
  the	
  anchor	
  residue	
  are	
  represented	
  as	
  glycine.	
  First,	
  a	
  user-­‐defined	
  number	
  
of	
  peptide	
  residues	
  is	
  added	
  N-­‐	
  and	
  C-­‐terminal	
  to	
  the	
  anchor	
  residue	
  using	
  random	
  
Φ/Ψ	
  angles.	
  Peptide	
  backbone	
  conformations	
  are	
  then	
  sampled	
  in	
  a	
  1000-­‐step	
  
Metropolis	
  Monte	
  Carlo	
  search	
  using	
  insertion	
  of	
  random	
  Φ/Ψ/Ω	
  angle	
  triplets	
  (1-­‐
mer	
  fragments	
  19)	
  chosen	
  from	
  the	
  PDB.	
  Backbone	
  fragments	
  are	
  selected	
  without	
  
regard	
  to	
  amino	
  acid	
  identity,	
  such	
  that	
  the	
  glycine	
  representation	
  of	
  the	
  peptide	
  
does	
  not	
  directly	
  influence	
  backbone	
  dihedral	
  angle	
  preferences.	
  Use	
  of	
  alanine	
  
residues	
  for	
  the	
  reduced	
  atom	
  peptide	
  model	
  was	
  not	
  found	
  to	
  increase	
  
performance	
  in	
  benchmark	
  testing,	
  and	
  actually	
  prevented	
  sufficiently	
  broad	
  
backbone	
  sampling	
  in	
  a	
  number	
  of	
  cases	
  (data	
  not	
  shown).	
  Reduced-­‐atom	
  models	
  
are	
  scored	
  using	
  a	
  sum	
  of	
  the	
  Rosetta	
  full-­‐atom	
  repulsive	
  term,	
  a	
  function	
  penalizing	
  
residues	
  that	
  move	
  more	
  than	
  6	
  Å	
  away	
  from	
  the	
  nearest	
  protein	
  residues,	
  and,	
  
optionally,	
  the	
  harmonic	
  constraint	
  scores	
  mentioned	
  above.	
  The	
  best-­‐scoring	
  
structure	
  from	
  each	
  search	
  is	
  then	
  recovered	
  and	
  checked	
  for	
  intermolecular	
  atomic	
  
clashes	
  by	
  replacing	
  the	
  protein’s	
  native	
  sidechains.	
  If	
  any	
  clashes	
  occur,	
  the	
  
program	
  attempts	
  to	
  resolve	
  them	
  by	
  performing	
  a	
  fixed-­‐backbone	
  rotamer	
  
optimization	
  of	
  the	
  protein	
  residues	
  in	
  the	
  context	
  of	
  the	
  new	
  poly-­‐glycine	
  peptide	
  
using	
  the	
  full-­‐atom	
  Rosetta	
  potential	
  function.	
  If	
  all	
  clashes	
  are	
  resolved,	
  the	
  peptide	
  
is	
  used	
  as	
  a	
  template	
  for	
  subsequent	
  sequence	
  optimization.	
  
	
  
Sequence	
  optimization	
  and	
  sampling	
  of	
  the	
  peptide	
  backbone	
  proceed	
  as	
  follows.	
  
The	
  peptide	
  sequence	
  and	
  the	
  neighboring	
  protein	
  sidechains	
  are	
  simultaneously	
  
optimized	
  with	
  a	
  rotamer-­‐based	
  simulated	
  annealing	
  Monte	
  Carlo	
  search	
  based	
  on	
  
the	
  Dunbrack	
  rotamer	
  library	
  20.	
  The	
  sequence	
  specificity	
  of	
  the	
  peptide	
  is	
  then	
  
explored	
  using	
  a	
  Monte	
  Carlo/Minimization	
  (MCM)	
  sequence	
  sampling	
  protocol.	
  
Each	
  step	
  of	
  this	
  search	
  involves	
  random	
  mutation	
  of	
  one	
  peptide	
  residue,	
  rotameric	
  
optimization	
  of	
  the	
  mutated	
  residue	
  and	
  all	
  neighboring	
  residues,	
  and	
  gradient-­‐
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based	
  minimization	
  of	
  all	
  sidechain	
  degrees	
  of	
  freedom,	
  followed	
  by	
  scoring	
  with	
  
the	
  standard	
  Rosetta	
  full-­‐atom	
  potential	
  function.	
  This	
  final	
  MCM	
  sequence	
  
sampling	
  phase	
  can	
  be	
  applied	
  independently	
  to	
  known	
  PRD-­‐peptide	
  structures	
  
when	
  the	
  backbone	
  coordinates	
  of	
  the	
  bound	
  peptide	
  are	
  known.	
  
	
  
Sequence	
  and	
  score	
  data	
  are	
  written	
  out	
  after	
  each	
  iteration	
  of	
  sequence	
  sampling	
  
for	
  later	
  processing.	
  A	
  binding	
  score	
  is	
  calculated	
  as	
  the	
  total	
  Rosetta	
  score	
  of	
  the	
  
complex	
  minus	
  the	
  sum	
  of	
  the	
  scores	
  of	
  the	
  unbound	
  peptide	
  and	
  protein.	
  Unbound	
  
scores	
  are	
  calculated	
  simply	
  by	
  deleting	
  one	
  or	
  the	
  other	
  binding	
  partner,	
  repacking	
  
all	
  sidechains,	
  and	
  rescoring.	
  Because	
  the	
  backbone	
  is	
  frozen	
  during	
  rescoring,	
  
different	
  members	
  of	
  the	
  PRD	
  target	
  ensemble	
  are	
  calculated	
  to	
  have	
  different	
  
unbound	
  scores.	
  Though	
  unphysical,	
  this	
  was	
  seen	
  to	
  improve	
  specificity	
  
predictions,	
  as	
  the	
  noise	
  generated	
  in	
  the	
  target	
  backbone	
  diversification	
  often	
  
overshadowed	
  the	
  more	
  subtle	
  energetic	
  effects	
  of	
  favorable	
  peptide-­‐binding	
  
conformations.	
  
	
  
The	
  computational	
  cost	
  of	
  the	
  algorithm	
  varies	
  with	
  the	
  length	
  of	
  peptide	
  and	
  the	
  
number	
  of	
  residues	
  at	
  the	
  interface.	
  Full-­‐length	
  simulations	
  ran	
  between	
  100	
  and	
  
300	
  cpu-­‐hours	
  on	
  64-­‐bit	
  2.33	
  GHz	
  Intel	
  Xeon	
  processors.	
  
	
  
Post-­processing	
  	
  
	
  
After	
  all	
  peptides	
  have	
  been	
  generated,	
  sequences	
  are	
  sorted	
  by	
  binding	
  score	
  and	
  
the	
  best	
  1%	
  scoring	
  sequences	
  are	
  compiled	
  into	
  a	
  position-­‐weight	
  matrix	
  (PWM),	
  a	
  
simple	
  but	
  versatile	
  representation	
  of	
  sequence	
  specificity	
  21.	
  To	
  increase	
  the	
  
strength	
  of	
  the	
  PWM	
  signal	
  and	
  eliminate	
  artifacts	
  of	
  the	
  sampling	
  protocol	
  and	
  
scoring	
  scheme,	
  this	
  PWM	
  is	
  then	
  normalized	
  by	
  a	
  background	
  PWM.	
  The	
  
background	
  PWM	
  was	
  generated	
  by	
  combining	
  pepspec	
  sequence-­‐score	
  output	
  for	
  
all	
  structures	
  in	
  peptiDB	
  22,	
  a	
  non-­‐redundant	
  dataset	
  of	
  103	
  high-­‐resolution	
  protein-­‐
peptide	
  complex	
  crystal	
  structures.	
  Instead	
  of	
  seeding	
  the	
  peptide	
  design	
  protocol	
  
with	
  a	
  structural	
  ensemble	
  of	
  one	
  target	
  PRD,	
  the	
  application	
  was	
  seeded	
  with	
  these	
  
103	
  diverse	
  proteins.	
  For	
  each	
  peptide	
  generated,	
  a	
  random	
  structure	
  from	
  the	
  
peptiDB	
  was	
  chosen	
  and	
  all	
  peptide	
  residues	
  were	
  removed	
  except	
  for	
  a	
  randomly	
  
chosen	
  anchor	
  position,	
  followed	
  by	
  the	
  unconstrained	
  peptide	
  design	
  protocol.	
  All	
  
sequences	
  thus	
  generated	
  were	
  sorted	
  by	
  binding	
  score,	
  after	
  which	
  the	
  low	
  10%	
  
scoring	
  sequences	
  were	
  compiled	
  into	
  a	
  PWM.	
  This	
  10%	
  cutoff	
  threshold	
  was	
  used	
  
so	
  as	
  to	
  insure	
  a	
  diverse	
  set	
  of	
  PRD	
  systems	
  were	
  included	
  in	
  the	
  background	
  PWM,	
  
as	
  a	
  1%	
  cutoff	
  was	
  seen	
  to	
  include	
  a	
  relatively	
  small	
  number	
  of	
  proteins	
  from	
  the	
  
peptiDB.	
  To	
  normalize	
  a	
  target	
  PWM	
  with	
  this	
  background	
  signal,	
  the	
  background	
  
PWM	
  is	
  directly	
  subtracted	
  from	
  the	
  target	
  PWM.	
  Elements	
  of	
  the	
  resulting	
  matrix	
  
that	
  fall	
  below	
  zero	
  are	
  simply	
  set	
  to	
  zero,	
  after	
  which	
  columns	
  are	
  renormalized	
  to	
  
unity.	
  All	
  PWM	
  graphics	
  were	
  created	
  using	
  WebLogo	
  23.	
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Benchmark	
  reference	
  dataset	
  
	
  
A	
  benchmark	
  target	
  set	
  was	
  chosen	
  to	
  cover	
  four	
  of	
  the	
  most	
  well	
  characterized	
  
families	
  of	
  PRDs:	
  kinase,	
  SH2,	
  SH3,	
  and	
  PDZ.	
  One	
  representative	
  protein	
  was	
  chosen	
  
for	
  testing	
  in	
  each	
  PRD	
  family.	
  We	
  attempted	
  to	
  choose	
  the	
  most	
  prototypical	
  
example	
  of	
  each	
  family;	
  details	
  of	
  our	
  target	
  selection	
  rationale	
  can	
  be	
  found	
  in	
  
Supplementary	
  Materials.	
  To	
  benchmark	
  our	
  prediction	
  algorithm,	
  it	
  was	
  also	
  
necessary	
  to	
  compile	
  experimental	
  reference	
  specificity	
  data	
  for	
  each	
  PRD	
  target	
  
and	
  compare	
  to	
  our	
  predictions.	
  We	
  decided	
  to	
  compare	
  PWMs	
  based	
  on	
  
experimental	
  data	
  to	
  PWMs	
  generated	
  by	
  pepspec.	
  Though	
  discussion	
  as	
  to	
  the	
  
validity	
  of	
  the	
  positional	
  independence	
  assumption	
  of	
  the	
  PWM	
  is	
  ongoing	
  24,	
  we	
  
chose	
  to	
  use	
  this	
  representation	
  based	
  on	
  its	
  relative	
  simplicity	
  and	
  widespread	
  use.	
  
Experimental	
  PWMs	
  are	
  usually	
  compiled	
  simply	
  from	
  an	
  alignment	
  of	
  some	
  
number	
  of	
  known	
  protein-­‐binding	
  peptides.	
  PWMs	
  derived	
  from	
  phage	
  display	
  data	
  
can	
  vary	
  significantly	
  from	
  experiment	
  to	
  experiment	
  due	
  to	
  different	
  codon	
  bias	
  in	
  
different	
  phage	
  strains,	
  artifacts	
  due	
  to	
  phage	
  propagation	
  optimization,	
  and	
  
different	
  solid	
  supports	
  and	
  affinity	
  partners	
  25.	
  In	
  addition,	
  the	
  information	
  content	
  
of	
  an	
  in	
  vitro	
  experiment-­‐based	
  PWM	
  will	
  vary	
  with	
  the	
  number	
  of	
  sequences	
  
published,	
  a	
  variable	
  affected	
  by	
  the	
  authors’	
  definition	
  of	
  a	
  “high-­‐affinity”	
  sequence.	
  
When	
  only	
  a	
  small	
  number	
  of	
  sequences	
  are	
  published,	
  phage	
  display	
  PWMs	
  
converge	
  narrowly	
  on	
  one	
  or	
  more	
  optimal	
  sequences,	
  resulting	
  in	
  very	
  high	
  
information	
  content	
  PWMs	
  that	
  may	
  miss	
  biologically	
  relevant	
  secondary	
  and	
  
tertiary	
  preferences	
  (Figure	
  2).	
  PWMs	
  based	
  on	
  aligned	
  in	
  vivo	
  substrates,	
  however,	
  
can	
  carry	
  with	
  them	
  specificity	
  biases	
  independent	
  of	
  peptide	
  affinity	
  due	
  to	
  
biological	
  factors	
  such	
  as	
  intracellular	
  co-­‐localization,	
  scaffold	
  proteins,	
  and	
  codon	
  
biases.	
  These	
  sources	
  often	
  result	
  in	
  PWMs	
  with	
  very	
  low	
  information	
  content.	
  For	
  
the	
  sake	
  of	
  consistency,	
  and	
  a	
  balance	
  between	
  these	
  two	
  extremes,	
  we	
  chose	
  to	
  use	
  
the	
  Scansite	
  webserver	
  26	
  where	
  possible	
  to	
  gather	
  data	
  for	
  reference	
  specificity	
  
PWMs.	
  Scansite	
  PWMs	
  are	
  based	
  on	
  amalgamated	
  experimental	
  binding	
  data	
  from	
  
oriented	
  peptide	
  array	
  screening	
  and	
  phage	
  display	
  experiments.	
  Because	
  the	
  
internal	
  Scansite	
  scoring	
  matrices	
  could	
  not	
  be	
  obtained	
  directly,	
  we	
  used	
  the	
  
webserver	
  to	
  extract	
  the	
  top-­‐scoring	
  2000	
  hits	
  from	
  the	
  mammalian	
  SWISS-­‐PROT	
  
database	
  for	
  each	
  PRD	
  and	
  compiled	
  these	
  sequences	
  into	
  PWMs.	
  This	
  number	
  of	
  
sequences	
  is	
  comparable	
  to	
  the	
  number	
  of	
  sequences	
  (2000-­‐4000)	
  used	
  to	
  build	
  the	
  
predicted	
  PWMs.	
  Because	
  PSD-­‐95	
  PDZ	
  data	
  was	
  not	
  available	
  in	
  the	
  Scansite	
  
database,	
  a	
  reference	
  PWM	
  was	
  compiled	
  from	
  93	
  high	
  affinity	
  peptide	
  sequences	
  
isolated	
  from	
  a	
  phage	
  display	
  experiment	
  by	
  Tonikian	
  et	
  al.	
  27.	
  
	
  
PWM	
  scoring	
  and	
  evaluation	
  of	
  performance	
  
	
  
We	
  chose	
  to	
  use	
  the	
  Frobenius	
  norm	
  as	
  a	
  measure	
  of	
  the	
  ‘distance’	
  between	
  the	
  
reference	
  and	
  predicted	
  PWMs	
  (simply	
  the	
  square	
  root	
  of	
  the	
  summed	
  squared	
  
deviations	
  in	
  amino	
  acid	
  frequencies,	
  21),	
  as	
  this	
  seemed	
  the	
  most	
  straightforward	
  
and	
  common	
  scoring	
  metric	
  available,	
  and	
  has	
  an	
  easily	
  visualized	
  geometric	
  
interpretation.	
  To	
  evaluate	
  the	
  significance	
  of	
  a	
  given	
  reference-­‐prediction	
  PWM	
  
distance,	
  we	
  transformed	
  the	
  value	
  of	
  the	
  Frobenius	
  norm	
  into	
  a	
  P-­‐value	
  by	
  scoring	
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1000	
  random	
  PWMs	
  against	
  the	
  reference.	
  Random	
  PWMs	
  were	
  generated	
  so	
  as	
  to	
  
display	
  a	
  distribution	
  of	
  information	
  content	
  similar	
  to	
  the	
  reference	
  dataset.	
  Details	
  
can	
  be	
  found	
  in	
  Supplementary	
  Materials.	
  
	
  
Comparison	
  of	
  performance	
  with	
  other	
  methods	
  was	
  complicated	
  by	
  a	
  lack	
  of	
  
standardization	
  in	
  the	
  output	
  of	
  structure-­‐based	
  specificity	
  methods.	
  Many	
  
structure-­‐based	
  methods	
  involve	
  some	
  classifier	
  for	
  discriminating	
  binding	
  
peptides,	
  such	
  as	
  the	
  SH3	
  peptide	
  prediction	
  algorithm	
  of	
  Hou	
  et	
  al	
  10.	
  Avoiding	
  a	
  
binary	
  distinction	
  between	
  “binding”	
  and	
  “non-­‐binding”	
  peptides	
  precludes	
  simple	
  
comparison	
  in	
  this	
  case.	
  Fair	
  comparison	
  with	
  methods	
  such	
  as	
  Predikin	
  9	
  that	
  are	
  
based	
  on	
  extrapolation	
  of	
  known	
  peptide	
  specificity	
  data	
  is	
  also	
  not	
  straightforward,	
  
since	
  we	
  have	
  chosen	
  for	
  our	
  benchmark	
  set	
  proteins	
  with	
  well-­‐characterized	
  
specificities	
  that	
  were	
  likely	
  used	
  in	
  training	
  these	
  methods.	
  On	
  the	
  other	
  hand,	
  
comparison	
  with	
  flexible	
  peptide	
  docking	
  methods	
  is	
  made	
  difficult	
  by	
  the	
  ensemble	
  
output	
  of	
  pepspec;	
  the	
  output	
  consists	
  of	
  thousands	
  of	
  peptide	
  sequences	
  and	
  
structures,	
  which	
  are	
  compiled	
  into	
  a	
  PWM.	
  More	
  closely	
  related	
  structure-­‐based	
  
approaches	
  like	
  that	
  of	
  Sanchez	
  et	
  al.	
  11	
  compared	
  predicted	
  vs.	
  experimental	
  
binding	
  affinities	
  for	
  SH2-­‐peptide	
  complexes.	
  Our	
  method	
  transforms	
  sequence-­‐
structure	
  output	
  into	
  a	
  PWM	
  that	
  is	
  then	
  processed	
  further,	
  limiting	
  the	
  ability	
  for	
  
direct	
  comparison.	
  For	
  these	
  reasons,	
  we	
  have	
  calculated	
  PWM-­‐based	
  scores	
  and	
  P-­‐
values	
  in	
  order	
  to	
  provide	
  some	
  objective	
  measure	
  of	
  the	
  relative	
  performance	
  of	
  
our	
  method.	
  
	
  
	
   	
  
Results:	
  
	
  
Peptide-­bound	
  structures	
  can	
  be	
  used	
  to	
  predict	
  the	
  distribution	
  of	
  
information	
  content	
  
	
  
Before	
  attempting	
  de	
  novo	
  specificity	
  prediction,	
  we	
  first	
  tested	
  the	
  ability	
  of	
  Rosetta	
  
pepspec	
  to	
  recapitulate	
  peptide	
  sequence	
  specificity	
  when	
  given	
  the	
  crystal	
  
structure	
  of	
  a	
  native	
  protein-­‐peptide	
  complex.	
  This	
  makes	
  use	
  only	
  of	
  the	
  final	
  
sequence	
  sampling	
  phase	
  of	
  the	
  full	
  pepspec	
  protocol,	
  relying	
  on	
  experimental	
  data	
  
for	
  protein	
  and	
  peptide	
  backbone	
  coordinates.	
  As	
  in	
  the	
  full	
  protocol,	
  we	
  generated	
  
a	
  structural	
  ensemble	
  by	
  applying	
  the	
  Rosetta	
  relax	
  application	
  to	
  the	
  coordinates	
  of	
  
the	
  input	
  structure.	
  This	
  was	
  immediately	
  followed	
  by	
  the	
  final	
  phase	
  of	
  the	
  peptide	
  
design	
  protocol:	
  conservative	
  fixed-­‐backbone	
  MCM	
  sequence	
  sampling	
  of	
  the	
  
peptide	
  ligand.	
  All	
  peptide	
  sequences	
  were	
  then	
  compiled	
  into	
  a	
  PWM.	
  As	
  seen	
  in	
  
the	
  bound	
  +fixed	
  backbone	
  row	
  of	
  Figure	
  2,	
  the	
  optimal	
  sequences	
  do	
  not	
  deviate	
  
from	
  the	
  sequences	
  of	
  the	
  original	
  crystal	
  structures	
  (Table	
  S1	
  and	
  Table	
  S2),	
  likely	
  
due	
  to	
  the	
  lack	
  of	
  substantial	
  backbone	
  sampling	
  in	
  this	
  more	
  conservative	
  protocol.	
  
This	
  provides	
  a	
  limited	
  test	
  of	
  the	
  sequence	
  optimization	
  protocol:	
  strong	
  biases	
  in	
  
either	
  the	
  scoring	
  function	
  or	
  the	
  sequence	
  sampling	
  could	
  be	
  expected	
  to	
  produce	
  
substantial	
  divergence	
  from	
  the	
  crystal	
  structure	
  sequences.	
  More	
  interesting,	
  
however,	
  is	
  the	
  correlation	
  of	
  the	
  positional	
  information	
  content	
  between	
  the	
  
predicted	
  and	
  reference	
  logos.	
  Information	
  content	
  is	
  a	
  quantifiable	
  measure	
  of	
  the	
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importance	
  of	
  a	
  given	
  peptide	
  residue	
  to	
  the	
  overall	
  specificity	
  of	
  the	
  binding	
  event	
  
28.	
  As	
  seen	
  in	
  Figure	
  3,	
  the	
  predicted	
  values	
  do	
  indeed	
  trend	
  somewhat	
  with	
  the	
  
reference	
  data,	
  with	
  a	
  Pearson	
  correlation	
  coefficient	
  of	
  0.43.	
  The	
  accuracy	
  of	
  these	
  
predictions	
  is	
  limited	
  by	
  the	
  quality	
  of	
  the	
  match	
  between	
  the	
  consensus	
  sequence	
  
and	
  the	
  peptide	
  sequence	
  in	
  the	
  input	
  structure,	
  as	
  peptide	
  residues	
  mismatched	
  
with	
  the	
  preferred	
  residue	
  at	
  information-­‐rich	
  positions	
  are	
  not	
  likely	
  to	
  be	
  good	
  
predictors	
  of	
  information	
  content.	
  For	
  instance,	
  in	
  the	
  kinase	
  test,	
  a	
  strong	
  
preference	
  for	
  Gly	
  is	
  predicted	
  at	
  the	
  P-­‐4	
  position,	
  whereas	
  the	
  reference	
  PWMs	
  
display	
  very	
  little	
  specificity	
  at	
  P-­‐4.	
  This	
  is	
  due	
  to	
  the	
  fact	
  that	
  the	
  input	
  peptide-­‐
bound	
  crystal	
  structure	
  was	
  solved	
  with	
  a	
  peptide	
  that	
  contains	
  Gly	
  at	
  P-­‐4	
  and	
  
backbone	
  torsion	
  angles	
  that	
  mostly	
  disallow	
  the	
  other	
  19	
  amino	
  acids.	
  A	
  similar	
  
situation	
  also	
  occurs	
  in	
  the	
  PDZ	
  domain	
  test,	
  where	
  Pro	
  is	
  predicted	
  frequently	
  at	
  
the	
  P-­‐1	
  position	
  due	
  to	
  the	
  input	
  peptide	
  backbone	
  torsion	
  angles	
  at	
  P-­‐1	
  giving	
  a	
  
higher	
  score	
  to	
  proline	
  residues.	
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Figure	
  2.	
  Benchmark	
  results	
  for	
  peptide	
  specificity	
  prediction.	
  
Benchmark	
  results	
  for	
  recapitulation	
  of	
  binding	
  specificity	
  for	
  four	
  different	
  PRDs.	
  
Rows	
  1-­‐3	
  show	
  experimental	
  PWMs	
  from	
  various	
  sources	
  (see	
  text).	
  Bold	
  boxes	
  
denote	
  reference	
  PWMs.	
  	
  In	
  vivo	
  sequences	
  were	
  collected	
  from	
  publicly	
  available	
  
databases	
  30,38,39.	
  In	
  vitro	
  sequences	
  were	
  collected	
  from	
  various	
  published	
  peptide	
  
specificity	
  experiments	
  27,40-­‐42.	
  Color	
  bars	
  below	
  PWMs	
  indicate	
  single	
  position	
  
Frobenius	
  norms	
  relative	
  to	
  the	
  reference	
  PWM,	
  from	
  dark	
  blue	
  (0.0)	
  to	
  dark	
  red	
  
(1.0).	
  Anchor	
  residues	
  are	
  colored	
  white	
  and	
  were	
  not	
  predicted	
  or	
  scored.	
  Rows	
  4-­‐
7	
  show	
  results	
  for	
  four	
  benchmark	
  tests	
  with	
  increasing	
  degrees	
  of	
  difficulty.	
  	
  
	
  

	
  
Figure	
  3.	
  Prediction	
  of	
  information	
  content	
  using	
  native	
  bound	
  structures.	
  
Predicted	
  vs.	
  actual	
  information	
  content	
  by	
  position	
  for	
  PWMs	
  generated	
  from	
  
native	
  peptide-­‐bound	
  structures.	
  The	
  data	
  give	
  a	
  Pearson	
  correlation	
  of	
  0.43.	
  
	
  
	
  
The	
  pepspec	
  application	
  can	
  make	
  predictions	
  for	
  unbound	
  structures	
  and	
  
homology	
  models	
  
	
  
Because	
  the	
  majority	
  of	
  PRD	
  structures	
  in	
  the	
  PDB	
  have	
  not	
  been	
  solved	
  in	
  complex	
  
with	
  their	
  peptide	
  ligands,	
  one	
  of	
  our	
  goals	
  is	
  to	
  predict	
  peptide	
  specificity	
  using	
  
structures	
  of	
  unbound	
  proteins.	
  Additionally,	
  we	
  wish	
  to	
  predict	
  peptide	
  specificity	
  
for	
  proteins	
  that	
  are	
  not	
  present	
  in	
  the	
  PDB.	
  To	
  accomplish	
  this,	
  we	
  included	
  in	
  our	
  
benchmark	
  test	
  unbound	
  crystal	
  structures	
  for	
  all	
  four	
  PRD	
  targets,	
  and	
  we	
  used	
  
homology	
  modeling	
  to	
  generate	
  structural	
  models	
  for	
  all	
  four	
  targets.	
  To	
  exclude	
  
trivial	
  homology	
  modeling	
  cases,	
  we	
  only	
  used	
  template	
  proteins	
  with	
  less	
  than	
  or	
  
equal	
  to	
  50%	
  sequence	
  identity	
  to	
  the	
  target	
  protein.	
  These	
  tests	
  rely	
  only	
  on	
  the	
  
input	
  structure	
  and	
  the	
  structures	
  of	
  homologous	
  peptide-­‐bound	
  PRDs	
  (Table	
  S1).	
  
The	
  pepspec	
  predictions	
  starting	
  from	
  unbound	
  structures	
  and	
  homology	
  models	
  
are	
  shown	
  in	
  Figure	
  2,	
  rows	
  labeled	
  unbound	
  +	
  constraints	
  and	
  homol	
  model	
  +	
  
constraints,	
  respectively.	
  In	
  what	
  follows,	
  we	
  discuss	
  the	
  results	
  for	
  each	
  benchmark	
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target	
  individually,	
  focusing	
  on	
  those	
  positions	
  with	
  the	
  highest	
  information	
  content	
  
in	
  the	
  reference	
  PWMs.	
  
	
  	
  
For	
  the	
  kinase	
  PKA,	
  Rosetta	
  did	
  recapitulate	
  the	
  most	
  salient	
  features	
  of	
  the	
  
reference	
  PWM;	
  the	
  preference	
  for	
  Arg/Lys	
  at	
  P-­‐2	
  and	
  P-­‐3	
  was	
  recognized,	
  and	
  the	
  
preference	
  for	
  beta-­‐branched	
  hydrophobic	
  residues	
  at	
  P+1	
  was	
  captured	
  to	
  a	
  small	
  
extent.	
  However,	
  the	
  relative	
  importance	
  of	
  these	
  positions	
  was	
  not	
  captured	
  by	
  the	
  
prediction.	
  The	
  homology	
  model-­‐based	
  prediction	
  is	
  comparable	
  to	
  the	
  unbound	
  
structure-­‐based	
  prediction,	
  even	
  though	
  the	
  model	
  had	
  a	
  higher	
  Cα	
  RMSD	
  to	
  the	
  
native	
  structure	
  than	
  the	
  unbound	
  high-­‐resolution	
  crystal	
  structure	
  (data	
  not	
  
shown).	
  This	
  is	
  due	
  to	
  the	
  fact	
  that,	
  in	
  this	
  case,	
  the	
  homology	
  template	
  was	
  taken	
  
from	
  a	
  peptide-­‐bound	
  kinase	
  structure,	
  necessary	
  due	
  to	
  the	
  high	
  intrinsic	
  plasticity	
  
and	
  the	
  large	
  conformational	
  transitions	
  that	
  often	
  occur	
  upon	
  peptide	
  binding	
  in	
  
the	
  Ser/Thr	
  kinase	
  family	
  29.	
  
	
  
Rosetta’s	
  performance	
  for	
  the	
  Src	
  SH2	
  domain	
  tests	
  was	
  only	
  marginally	
  successful	
  
in	
  both	
  the	
  unbound	
  and	
  homology	
  tests.	
  The	
  acidic	
  residue	
  specificity	
  for	
  N-­‐
terminal,	
  P+1,	
  and	
  P+2	
  positions	
  was	
  partly	
  recovered	
  in	
  both	
  tests.	
  However,	
  
Rosetta	
  failed	
  to	
  recapitulate	
  the	
  preference	
  for	
  Ile	
  at	
  P+3.	
  Interestingly,	
  the	
  
predicted	
  PWMs	
  are	
  much	
  more	
  similar	
  to	
  a	
  PWM	
  compiled	
  from	
  known	
  in	
  vivo	
  
ligands	
  in	
  the	
  PepCyber	
  database	
  30.	
  For	
  the	
  in	
  vivo	
  PWM	
  in	
  Figure	
  4A,	
  the	
  P+3	
  
position	
  shows	
  only	
  a	
  slight	
  preference	
  for	
  Ile	
  over	
  other	
  small	
  hydrophobic	
  
residues.	
  Also,	
  more	
  acidic	
  residues	
  are	
  preferred	
  in	
  the	
  N-­‐terminal	
  positions,	
  and	
  
the	
  P+1	
  position	
  shows	
  some	
  specificity	
  for	
  Ala,	
  a	
  signal	
  recovered	
  in	
  the	
  unbound	
  
+constraints	
  test.	
  The	
  fact	
  that	
  hydrophobic	
  residues	
  were	
  recovered	
  at	
  the	
  P+3	
  
position	
  shows	
  that	
  Rosetta	
  did	
  recognize	
  the	
  chemical	
  environment	
  of	
  this	
  
position’s	
  binding	
  pocket,	
  but	
  the	
  precise	
  shape	
  of	
  the	
  pocket	
  in	
  both	
  the	
  unbound	
  
crystal	
  structure	
  and	
  the	
  homology	
  model	
  was	
  too	
  dissimilar	
  to	
  the	
  bound	
  crystal	
  
structure’s	
  conformation	
  to	
  accurately	
  match	
  the	
  preferred	
  peptide	
  residue	
  (Figures	
  
4B	
  and	
  4C).	
  
	
  
The	
  c-­‐Crk	
  SH3	
  domain	
  predictions	
  were	
  the	
  most	
  successful	
  of	
  the	
  benchmark	
  set.	
  
Both	
  the	
  unbound	
  and	
  homology	
  tests	
  fairly	
  accurately	
  recovered	
  the	
  strong	
  signal	
  
for	
  the	
  PLPP	
  sequence	
  at	
  positions	
  P+1	
  to	
  P+4.	
  The	
  preference	
  for	
  Lys	
  at	
  P+5	
  was	
  
recovered	
  in	
  the	
  homol	
  model	
  +constraints	
  test,	
  and	
  both	
  tests	
  correctly	
  predicted	
  
Lys/Pro/Arg	
  as	
  the	
  top	
  three	
  residues	
  at	
  P+5	
  and	
  Pro	
  as	
  the	
  top	
  residue	
  at	
  P+6.	
  The	
  
PSD-­‐95	
  PDZ	
  domain	
  tests	
  resulted	
  in	
  the	
  poorest	
  benchmark	
  predictions,	
  as	
  only	
  the	
  
P-­‐4	
  position	
  was	
  predicted	
  accurately	
  in	
  both	
  tests.	
  The	
  most	
  specific	
  position,	
  the	
  
Thr	
  at	
  P-­‐2,	
  was	
  recovered	
  as	
  the	
  second	
  most	
  preferable	
  residue	
  for	
  the	
  unbound	
  
+constraints	
  test,	
  but	
  was	
  completely	
  missed	
  in	
  the	
  homol	
  model	
  +constraints	
  test.	
  
This	
  is	
  due	
  in	
  part	
  to	
  Rosetta’s	
  implementation	
  of	
  the	
  environment	
  dependence	
  of	
  
hydrogen	
  bonding,	
  which	
  down-­‐weights	
  hydrogen	
  bonds	
  between	
  residues	
  that	
  are	
  
considered	
  exposed	
  to	
  solvent.	
  Elimination	
  of	
  this	
  environment	
  dependence	
  allowed	
  
for	
  improved	
  recovery	
  of	
  P-­‐2	
  Thr	
  (data	
  not	
  shown),	
  but	
  resulted	
  in	
  an	
  overall	
  
decrease	
  in	
  performance	
  for	
  the	
  entire	
  benchmark	
  set.	
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Figure	
  4.	
  Protein	
  backbone	
  flexibility	
  must	
  be	
  modeled	
  precisely	
  for	
  Src	
  SH2	
  
peptide	
  binding.	
  
(A)	
  SH2	
  benchmark	
  tests	
  compared	
  to	
  a	
  reference	
  PWM	
  compiled	
  from	
  aligned	
  in	
  
vivo	
  targets.	
  Note	
  that	
  this	
  reference	
  PWM	
  differs	
  from	
  that	
  of	
  Figure	
  2.	
  Predictions	
  
for	
  the	
  P+3	
  position	
  (magenta	
  box)	
  match	
  many	
  of	
  the	
  less	
  preferred	
  residues	
  in	
  
native	
  peptide	
  ligands.	
  Comparison	
  of	
  the	
  P+3	
  binding	
  pocket	
  in	
  the	
  native	
  bound	
  
structure	
  (B)	
  and	
  the	
  native	
  peptide	
  superimposed	
  on	
  the	
  homology	
  model	
  (C)	
  
reveals	
  differences	
  in	
  the	
  P+3	
  binding	
  pocket	
  that	
  result	
  in	
  clashes	
  between	
  the	
  
conserved	
  isoleucine	
  (magenta)	
  and	
  the	
  protein	
  (gray).	
  
	
  
	
  
	
  
	
  
Pepspec	
  is	
  extensible	
  to	
  use	
  with	
  limited	
  structural	
  data	
  
	
  
Though	
  structural	
  methods	
  for	
  specificity	
  prediction	
  are	
  computationally	
  intensive,	
  
they	
  have	
  the	
  advantage	
  of	
  being	
  extensible	
  to	
  problems	
  with	
  very	
  limited	
  
experimental	
  data.	
  The	
  pepspec	
  algorithm	
  requires	
  at	
  minimum	
  only	
  one	
  structure	
  
of	
  a	
  homologous	
  protein	
  bound	
  to	
  a	
  peptide	
  ligand.	
  This	
  is	
  needed	
  only	
  to	
  place	
  the	
  
anchor	
  residue,	
  after	
  which	
  peptide	
  design	
  proceeds	
  unconstrained.	
  To	
  show	
  the	
  
degree	
  to	
  which	
  the	
  algorithm	
  performs	
  with	
  this	
  minimal	
  amount	
  of	
  data,	
  we	
  
predicted	
  PWMs	
  for	
  our	
  homology	
  modeling	
  benchmark	
  set	
  using	
  only	
  one	
  
homologous	
  complex	
  per	
  target	
  (Table	
  S1).	
  For	
  the	
  kinase	
  and	
  the	
  SH2	
  domain,	
  we	
  
used	
  the	
  complex	
  structure	
  from	
  which	
  the	
  original	
  homology	
  model	
  was	
  derived.	
  
Because	
  the	
  SH3	
  and	
  PDZ	
  homology	
  models	
  were	
  not	
  based	
  on	
  structures	
  of	
  
peptide-­‐bound	
  proteins,	
  we	
  used	
  instead	
  the	
  complex	
  structure	
  of	
  the	
  protein	
  most	
  
similar	
  in	
  primary	
  sequence	
  to	
  the	
  homology	
  template	
  as	
  measured	
  by	
  BLAST	
  E-­‐
value	
  31.	
  Because	
  standard	
  deviations	
  are	
  undefined	
  for	
  a	
  single	
  structure,	
  the	
  
anchor	
  docking	
  translation	
  and	
  rotation	
  deviations	
  were	
  manually	
  set	
  to	
  0.5	
  Å	
  and	
  
5°,	
  respectively.	
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Results	
  of	
  this	
  prediction	
  can	
  be	
  seen	
  in	
  the	
  homol	
  model	
  -­constraints	
  row	
  of	
  Figure	
  
2.	
  Surprisingly,	
  elimination	
  of	
  Cα	
  constraints	
  did	
  not	
  consistently	
  decrease	
  
performance	
  (Table	
  S2).	
  For	
  the	
  kinase	
  PKA,	
  total	
  PWM	
  distance	
  was	
  lower	
  than	
  in	
  
either	
  of	
  the	
  tests	
  utilizing	
  constraints.	
  Due	
  to	
  the	
  large	
  number	
  of	
  acidic	
  residues	
  on	
  
the	
  surface	
  of	
  the	
  kinase,	
  Rosetta	
  could	
  design	
  arginine	
  residues	
  to	
  take	
  advantage	
  
of	
  potential	
  salt	
  bridges	
  not	
  seen	
  in	
  crystal	
  structures	
  of	
  the	
  complex.	
  As	
  seen	
  in	
  
Figure	
  5A,	
  accurate	
  prediction	
  of	
  P-­‐4	
  specificity	
  is	
  a	
  result	
  of	
  the	
  unconstrained,	
  
flexible	
  backbone	
  methodology.	
  A	
  representative	
  member	
  of	
  the	
  predicted	
  low-­‐
energy	
  peptide	
  ensemble	
  provides	
  a	
  possible	
  mechanism	
  for	
  P-­‐4	
  Arg	
  specificity	
  not	
  
apparent	
  from	
  the	
  peptide-­‐bound	
  crystal	
  structure	
  (Figures	
  5B	
  and	
  5C).	
  A	
  number	
  
of	
  low-­‐energy	
  designed	
  peptides	
  with	
  Arg	
  at	
  P-­‐4	
  were	
  seen	
  to	
  form	
  salt	
  bridges	
  with	
  
Asp241	
  and/or	
  Glu203.	
  These	
  peptide	
  configurations	
  were	
  disallowed	
  by	
  
implementation	
  of	
  homologous	
  constraints,	
  but	
  were	
  sampled	
  by	
  the	
  algorithm	
  in	
  
the	
  unconstrained	
  simulation.	
  
	
  
In	
  contrast	
  to	
  the	
  removal	
  of	
  kinase	
  peptide	
  constraints,	
  the	
  unconstrained	
  SH3	
  
domain	
  prediction	
  shows	
  a	
  substantial	
  decrease	
  in	
  performance	
  relative	
  to	
  the	
  
simulations	
  employing	
  prior	
  knowledge	
  of	
  SH3	
  domain	
  binding	
  modes.	
  Though	
  the	
  
canonical	
  PXXP	
  motif	
  was	
  recovered,	
  the	
  signal	
  is	
  very	
  weak,	
  and	
  deteriorates	
  
further	
  at	
  more	
  distal	
  peptide	
  positions.	
  In	
  an	
  unconstrained	
  search,	
  the	
  volume	
  of	
  
space	
  to	
  be	
  explored	
  increases	
  very	
  quickly	
  as	
  the	
  peptide	
  grows	
  from	
  the	
  anchor	
  
residue	
  to	
  further	
  and	
  further	
  positions.	
  The	
  homologous	
  constraints	
  allow	
  for	
  a	
  
more	
  localized	
  search	
  within	
  a	
  smaller	
  volume	
  where	
  the	
  biologically	
  relevant	
  
peptide	
  ligands	
  are	
  likely	
  to	
  be	
  found.	
  
	
  

	
  
Figure	
  5.	
  Structural	
  predictions	
  offer	
  possible	
  mechanism	
  of	
  P-­4	
  kinase	
  
specificity.	
  	
  
(A)	
  Kinase	
  benchmark	
  tests	
  compared	
  to	
  reference	
  PWM.	
  P-­‐4	
  specificity	
  prediction	
  
(magenta	
  box)	
  fails	
  for	
  the	
  near-­‐native	
  backbone	
  test	
  but	
  succeeds	
  for	
  the	
  de	
  novo	
  
test.	
  The	
  bound	
  crystal	
  structure	
  (B)	
  does	
  not	
  explain	
  the	
  preference	
  for	
  Arg	
  at	
  P-­‐4	
  
(magenta).	
  A	
  member	
  of	
  the	
  low-­‐energy	
  peptide	
  ensemble	
  from	
  the	
  pepspec	
  
simulation	
  (C)	
  achieves	
  two	
  salt	
  bridge	
  interactions	
  with	
  the	
  kinase	
  at	
  P-­‐4,	
  
providing	
  a	
  possible	
  mechanism	
  for	
  Arg	
  specificity.	
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Performance	
  is	
  a	
  function	
  of	
  homology	
  modeling	
  difficulty	
  
	
  
The	
  success	
  of	
  homology	
  model-­‐based	
  predictions	
  is	
  necessarily	
  limited	
  by	
  the	
  
quality	
  of	
  the	
  initial	
  structural	
  models,	
  and	
  the	
  quality	
  of	
  these	
  models	
  is	
  typically	
  
dictated	
  by	
  the	
  degree	
  of	
  homology	
  between	
  the	
  target	
  protein	
  and	
  the	
  template	
  
protein.	
  To	
  quantify	
  this	
  trend,	
  we	
  generated	
  a	
  total	
  of	
  four	
  different	
  homology	
  
models	
  for	
  the	
  c-­‐Crk	
  SH3	
  domain	
  starting	
  from	
  templates	
  with	
  a	
  range	
  of	
  sequence	
  
similarities	
  to	
  the	
  target	
  protein.	
  Template	
  proteins	
  were	
  found	
  with	
  a	
  BLAST	
  
search	
  of	
  the	
  target	
  sequence,	
  and	
  selected	
  to	
  represent	
  E-­‐values	
  spanning	
  6	
  orders	
  
of	
  magnitude.	
  As	
  seen	
  in	
  Figure	
  6,	
  the	
  accuracy	
  of	
  specificity	
  predictions	
  does	
  trend	
  
as	
  expected	
  with	
  the	
  sequence	
  similarity	
  of	
  the	
  template	
  protein.	
  
	
  

	
  
Figure	
  6.	
  Homology	
  modeling	
  difficulty	
  affects	
  accuracy	
  of	
  c-­Crk	
  SH3	
  
predictions.	
  	
  
Frobenius	
  norm	
  values	
  for	
  c-­‐Crk	
  SH3-­‐N	
  domain	
  target	
  predictions.	
  Each	
  point	
  
represents	
  a	
  prediction	
  based	
  on	
  a	
  different	
  homology	
  model,	
  each	
  model	
  derived	
  
from	
  a	
  different	
  template	
  protein.	
  The	
  degree	
  of	
  similarity	
  between	
  the	
  target	
  
sequence	
  and	
  the	
  template	
  sequence	
  is	
  captured	
  by	
  the	
  E-­‐value	
  associated	
  with	
  the	
  
two	
  sequences’	
  BLAST	
  alignment.	
  
	
  
Pepspec	
  can	
  be	
  applied	
  to	
  members	
  of	
  any	
  domain	
  family	
  
	
  
One	
  of	
  the	
  primary	
  advantages	
  of	
  structural	
  methods	
  is	
  the	
  minimal	
  experimental	
  
information	
  necessary	
  to	
  make	
  predictions.	
  To	
  illustrate	
  this,	
  we	
  chose	
  to	
  make	
  
peptide	
  specificity	
  predictions	
  for	
  a	
  pSer/pThr-­‐binding	
  FHA	
  domain.	
  The	
  details	
  of	
  
binding	
  specificity	
  for	
  this	
  domain	
  family	
  are	
  not	
  as	
  well	
  characterized	
  as	
  for	
  the	
  
other	
  four	
  benchmark	
  targets,	
  and	
  we	
  could	
  not	
  find	
  any	
  published	
  examples	
  of	
  
peptide	
  specificity	
  prediction	
  methods	
  applied	
  to	
  this	
  domain	
  family.	
  Based	
  on	
  the	
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availability	
  of	
  experimental	
  specificity	
  data	
  and	
  a	
  structure	
  in	
  the	
  PDB,	
  we	
  chose	
  the	
  
FHA1	
  domain	
  of	
  Rad53	
  as	
  our	
  target,	
  generating	
  a	
  backbone	
  ensemble	
  from	
  the	
  
refined	
  NMR	
  structure	
  of	
  the	
  unbound	
  protein.	
  To	
  predict	
  the	
  location	
  of	
  the	
  
conserved	
  pThr	
  anchor	
  residue,	
  we	
  used	
  the	
  coordinates	
  of	
  only	
  one	
  homologous	
  
protein	
  complex,	
  the	
  FHA	
  domain	
  of	
  RNF8,	
  which	
  contains	
  only	
  35%	
  identical	
  PRD	
  
residues	
  and	
  a	
  dissimilar	
  peptide	
  ligand.	
  A	
  previous	
  peptide	
  library	
  study	
  has	
  found	
  
Rad53	
  FHA1	
  to	
  display	
  strong	
  preference	
  for	
  Asp	
  at	
  the	
  P+3	
  position,	
  as	
  can	
  be	
  seen	
  
in	
  Figure	
  7A,	
  republished	
  with	
  permission	
  from	
  the	
  study	
  of	
  Yongkiettrakul	
  et	
  al.	
  32.	
  
In	
  that	
  study,	
  the	
  authors	
  identified	
  a	
  single	
  point	
  mutation,	
  G135D,	
  that	
  
dramatically	
  reduced	
  the	
  protein’s	
  specificity	
  for	
  this	
  position.	
  We	
  attempted	
  to	
  
replicate	
  this	
  experiment	
  in	
  silico.	
  As	
  seen	
  in	
  Figure	
  7B,	
  the	
  strong	
  preference	
  for	
  
Asp	
  at	
  P+3	
  in	
  the	
  wild-­‐type	
  protein	
  was	
  indeed	
  recovered,	
  as	
  was	
  the	
  effect	
  of	
  the	
  
mutation	
  in	
  reducing	
  the	
  preference	
  for	
  Asp	
  and	
  reducing	
  the	
  overall	
  information	
  
content	
  of	
  the	
  P+3	
  position.	
  The	
  experimental	
  residue	
  frequencies	
  for	
  the	
  mutant	
  
protein	
  display	
  very	
  low	
  overall	
  specificity,	
  with	
  some	
  preference	
  for	
  many	
  
hydrophobic	
  residues,	
  whereas	
  the	
  predicted	
  specificity	
  profile	
  shows	
  a	
  slightly	
  
greater	
  overall	
  specificity,	
  with	
  very	
  little	
  preference	
  for	
  hydrophobic	
  residues.	
  This	
  
is	
  due	
  to	
  the	
  fact	
  that	
  our	
  PWM	
  normalization	
  tends	
  to	
  lead	
  to	
  overestimates	
  of	
  
information	
  content	
  (Figure	
  3)	
  and	
  most	
  of	
  the	
  peptide	
  backbones	
  sampled	
  in	
  this	
  
case	
  were	
  very	
  solvent-­‐exposed.	
  The	
  crystal	
  structure	
  of	
  wild-­‐type	
  Rad53	
  FHA1	
  in	
  
complex	
  with	
  peptide	
  ligand	
  33	
  shows	
  that	
  P+3	
  Asp	
  specificity	
  is	
  mediated	
  by	
  an	
  
ionic	
  interaction	
  with	
  Rad53’s	
  Arg83	
  (Figure	
  7C).	
  This	
  interaction	
  is	
  indeed	
  
recovered	
  by	
  our	
  peptide	
  design	
  algorithm	
  as	
  seen	
  in	
  a	
  member	
  of	
  the	
  low-­‐energy	
  
peptide	
  ensemble	
  in	
  Figure	
  7D.	
  Furthermore,	
  the	
  effect	
  of	
  the	
  G135D	
  mutation	
  is	
  
rationalized	
  in	
  this	
  structural	
  context.	
  Gly135	
  is	
  adjacent	
  to	
  Arg83,	
  such	
  that	
  a	
  
mutation	
  to	
  Asp135	
  prevents	
  local	
  binding	
  of	
  acidic	
  peptide	
  residues	
  due	
  to	
  charge	
  
repulsion	
  and/or	
  competition	
  for	
  binding	
  to	
  Arg83.	
  This	
  example	
  illustrates	
  the	
  
potential	
  of	
  structural	
  modeling	
  methods	
  to	
  generate	
  predictions	
  for	
  and	
  yield	
  
insights	
  into	
  systems	
  with	
  limited	
  prior	
  experimental	
  data.	
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Figure	
  7.	
  Prediction	
  of	
  Rad53	
  FHA1	
  specificity	
  and	
  effects	
  of	
  G135D	
  mutation.	
  
(A)	
  Experimentally	
  derived	
  amino	
  acid	
  preferences	
  for	
  the	
  P+3	
  position	
  of	
  the	
  wild-­‐
type	
  Rad53	
  FHA1	
  domain	
  (black)	
  and	
  the	
  G135D	
  mutant	
  (gray)	
  (reprinted	
  with	
  
permission	
  from	
  Figure	
  5	
  of	
  32).	
  (B)	
  P+3	
  preferences	
  predicted	
  by	
  pepspec	
  compare	
  
favorably	
  with	
  experimental	
  data.	
  (C)	
  Crystal	
  structure	
  of	
  Rad53-­‐1	
  bound	
  to	
  high	
  
affinity	
  peptide	
  ligand.	
  (D)	
  Lowest	
  RMSD	
  Rosetta	
  designed	
  peptide	
  after	
  low	
  energy	
  
filtering	
  correctly	
  predicts	
  Arg83	
  mediated	
  P+3	
  specificity.	
  
	
  
	
  
	
  
	
  
Discussion	
  
	
  
We	
  have	
  developed	
  a	
  new	
  flexible-­‐backbone	
  peptide	
  design	
  algorithm,	
  pepspec,	
  and	
  
evaluated	
  its	
  ability	
  to	
  make	
  predictions	
  of	
  peptide	
  binding	
  specificity	
  across	
  a	
  range	
  
of	
  benchmark	
  tasks.	
  The	
  algorithm	
  combines	
  extensive	
  sampling	
  of	
  the	
  peptide	
  
backbone	
  through	
  anchored	
  docking	
  and	
  fragment	
  assembly	
  together	
  with	
  large-­‐
scale	
  exploration	
  of	
  peptide	
  sequence	
  space	
  using	
  Rosetta’s	
  sequence	
  redesign	
  
methodology.	
  Backbone	
  flexibility	
  of	
  the	
  protein	
  partner	
  is	
  included	
  implicitly	
  by	
  
docking	
  to	
  a	
  diverse	
  structural	
  ensemble.	
  By	
  emphasizing	
  peptide	
  and	
  protein	
  
backbone	
  sampling,	
  we	
  have	
  tailored	
  the	
  algorithm	
  for	
  prediction	
  scenarios	
  in	
  
which	
  the	
  starting	
  protein	
  model	
  is	
  inaccurate,	
  and	
  knowledge	
  of	
  peptide	
  
conformation	
  is	
  limited.	
  The	
  algorithm	
  is	
  able	
  to	
  make	
  non-­‐trivial	
  predictions	
  for	
  
targets	
  from	
  a	
  diverse	
  range	
  of	
  PRD	
  families	
  using	
  only	
  unbound	
  crystal	
  structures	
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or	
  homology	
  models.	
  In	
  cases	
  where	
  additional	
  structural	
  information	
  is	
  available,	
  
this	
  information	
  can	
  be	
  incorporated	
  to	
  focus	
  the	
  conformational	
  search.	
  The	
  
generality	
  of	
  the	
  algorithm	
  is	
  exemplified	
  by	
  accurate	
  prediction	
  of	
  wild-­‐type	
  and	
  
mutant	
  Rad53	
  FHA1	
  domain	
  specificity	
  using	
  a	
  minimum	
  of	
  experimental	
  structural	
  
data.	
  By	
  taking	
  a	
  structural	
  approach,	
  we	
  were	
  able	
  to	
  make	
  a	
  testable	
  hypothesis	
  
about	
  the	
  mechanism	
  of	
  PKA	
  P-­‐4	
  specificity	
  that	
  is	
  not	
  explained	
  by	
  the	
  crystal	
  
structure,	
  and	
  were	
  able	
  to	
  accurately	
  recapitulate	
  the	
  known	
  mechanism	
  of	
  FHA	
  
P+3	
  specificity.	
  	
  
	
  
At	
  present,	
  the	
  pepspec	
  algorithm	
  requires	
  as	
  input	
  a	
  structural	
  model	
  of	
  the	
  target	
  
protein	
  together	
  with	
  an	
  approximate	
  binding	
  location	
  for	
  a	
  single	
  anchor	
  residue	
  in	
  
the	
  peptide.	
  In	
  the	
  tests	
  described	
  here,	
  the	
  binding	
  location	
  for	
  this	
  anchor	
  residue	
  
is	
  defined	
  by	
  one	
  or	
  more	
  experimentally	
  determined	
  peptide-­‐bound	
  structures	
  of	
  
related	
  proteins.	
  The	
  need	
  for	
  a	
  user-­‐defined	
  anchor	
  residue	
  and	
  an	
  approximate	
  
binding	
  pocket	
  is	
  a	
  clear	
  limitation	
  of	
  the	
  method,	
  however	
  three	
  recent	
  studies	
  
suggest	
  avenues	
  for	
  relaxing	
  this	
  requirement.	
  Petsalaki	
  et	
  al.	
  34	
  derived	
  spatial	
  
position	
  specific	
  scoring	
  matrices	
  for	
  23	
  amino	
  acid	
  types	
  by	
  analyzing	
  known	
  
protein-­‐peptide	
  complexes	
  in	
  the	
  PDB;	
  these	
  matrices	
  were	
  used	
  successfully	
  to	
  
predict	
  the	
  locations	
  of	
  peptide	
  residues	
  on	
  the	
  surfaces	
  of	
  unbound	
  protein	
  
structures.	
  Raveh	
  et	
  al.	
  35	
  introduced	
  a	
  novel	
  flexible	
  peptide	
  docking	
  algorithm	
  that	
  
met	
  with	
  considerable	
  success	
  in	
  structure	
  prediction	
  of	
  known	
  protein-­‐peptide	
  
complexes.	
  Brenke	
  et	
  al.	
  36	
  developed	
  the	
  FTMAP	
  algorithm	
  for	
  predicting	
  the	
  
consensus	
  binding	
  sites	
  for	
  a	
  number	
  of	
  small	
  organic	
  probe	
  molecules.	
  Combining	
  
pepspec	
  with	
  sources	
  of	
  approximate	
  structural	
  binding	
  data	
  such	
  as	
  these	
  might	
  
allow	
  for	
  true	
  de	
  novo	
  prediction	
  of	
  peptide	
  binding	
  specificity.	
  
	
  
Challenges	
  for	
  structure-­based	
  specificity	
  prediction	
  
	
  
Our	
  results	
  clearly	
  demonstrate	
  that	
  structure-­‐based	
  prediction	
  of	
  binding	
  
specificity	
  through	
  atomistic	
  modeling	
  is	
  accompanied	
  by	
  significant	
  challenges.	
  
Simultaneous	
  design	
  of	
  both	
  structure	
  and	
  sequence	
  results	
  in	
  a	
  massive	
  solution	
  
space	
  that	
  must	
  be	
  explored.	
  At	
  present,	
  it	
  is	
  not	
  known	
  how	
  to	
  precisely	
  model	
  the	
  
complicated	
  energetics	
  of	
  protein-­‐peptide	
  binding	
  at	
  speeds	
  necessary	
  to	
  search	
  
through	
  this	
  space	
  in	
  a	
  reasonable	
  amount	
  of	
  time.	
  In	
  particular,	
  computation	
  of	
  
accurate	
  binding	
  energies	
  for	
  peptides	
  is	
  hampered	
  by	
  the	
  potential	
  diversity	
  of	
  
their	
  unbound	
  conformations;	
  approximations	
  to	
  binding	
  energy	
  37	
  that	
  are	
  
reasonably	
  accurate	
  for	
  protein-­‐protein	
  and	
  protein-­‐DNA	
  interactions	
  break	
  down	
  
for	
  these	
  highly	
  flexible	
  ligands.	
  To	
  circumvent	
  this	
  limitation,	
  other	
  methods	
  have	
  
tailored	
  scoring	
  functions	
  or	
  classifiers	
  specifically	
  to	
  capture	
  the	
  features	
  common	
  
to	
  one	
  class	
  of	
  PRD	
  10	
  or	
  have	
  constrained	
  their	
  search	
  to	
  the	
  neighborhood	
  of	
  
known	
  peptide	
  structures	
  11.	
  Most	
  notably,	
  Smith	
  and	
  Kortemme	
  have	
  recently	
  met	
  
with	
  considerable	
  success	
  applying	
  Rosetta	
  to	
  the	
  prediction	
  of	
  Erbin	
  PDZ	
  domain	
  
peptide	
  specificity	
  (T.	
  Kortemme,	
  personal	
  communication).	
  By	
  generating	
  a	
  
conformational	
  ensemble	
  in	
  the	
  neighborhood	
  of	
  an	
  experimentally	
  determined	
  
peptide-­‐bound	
  PDZ	
  domain	
  structure,	
  they	
  have	
  successfully	
  optimized	
  peptide	
  
sequences	
  with	
  a	
  genetic	
  algorithm	
  and	
  modified	
  scoring	
  function	
  for	
  accurate	
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prediction	
  of	
  both	
  wild-­‐type	
  and	
  mutant	
  Erbin	
  PDZ	
  specificities.	
  This	
  demonstrates	
  
that	
  success	
  in	
  modeling	
  can	
  be	
  achieved	
  by	
  focusing	
  sampling	
  to	
  the	
  neighborhood	
  
of	
  probable	
  solutions	
  and	
  focusing	
  scoring	
  to	
  the	
  most	
  relevant	
  interactions.	
  It	
  was	
  
our	
  goal	
  to	
  develop	
  a	
  domain-­‐independent	
  method	
  theoretically	
  extensible	
  to	
  any	
  
protein	
  family	
  or	
  structure,	
  such	
  that	
  we	
  did	
  not	
  bias	
  scoring	
  or	
  constrain	
  the	
  
structure	
  to	
  any	
  single	
  binding	
  mode	
  or	
  interaction	
  type.	
  To	
  prevent	
  over-­‐training,	
  
we	
  did	
  not	
  re-­‐optimize	
  the	
  standard	
  Rosetta	
  all-­‐atom	
  scoring	
  function.	
  The	
  modest	
  
accuracy	
  of	
  the	
  specificity	
  predictions	
  in	
  the	
  more	
  challenging	
  test	
  cases	
  reflects	
  the	
  
challenges	
  associated	
  with	
  atomically	
  detailed	
  structure-­‐based	
  peptide-­‐binding	
  
specificity	
  prediction.	
  
	
  
Protein	
  backbone	
  diversification	
  is	
  necessary	
  for	
  accurate	
  predictions	
  
	
  
Instead	
  of	
  designing	
  peptides	
  for	
  binding	
  to	
  single	
  protein	
  structures,	
  we	
  chose	
  to	
  
diversify	
  the	
  input	
  backbone	
  coordinates	
  into	
  an	
  ensemble	
  of	
  structures	
  and	
  
combine	
  specificity	
  predictions	
  for	
  all	
  of	
  them.	
  This	
  was	
  essential	
  when	
  making	
  use	
  
of	
  unbound	
  protein	
  structures	
  and	
  homology	
  models,	
  as	
  slight	
  changes	
  in	
  the	
  
protein	
  backbone	
  can	
  have	
  dramatic	
  effects	
  on	
  predicted	
  peptide	
  binding	
  ability.	
  
Our	
  protein	
  backbone	
  sampling	
  was	
  not	
  always	
  aggressive	
  enough,	
  however.	
  Our	
  
inability	
  to	
  predict	
  the	
  optimal	
  conformation	
  of	
  the	
  two	
  Src	
  SH2	
  loops	
  comprising	
  
the	
  P+3	
  binding	
  pocket	
  prevented	
  accurate	
  determination	
  of	
  P+3	
  specificity	
  for	
  both	
  
the	
  unbound	
  native	
  structure	
  and	
  the	
  homology	
  model	
  (Figure	
  4).	
  The	
  plasticity	
  
inherent	
  in	
  flexible	
  structures	
  such	
  as	
  these	
  can	
  result	
  in	
  significant	
  differences	
  
between	
  bound	
  and	
  unbound	
  conformations.	
  This	
  highlights	
  a	
  key	
  challenge	
  for	
  
approaches	
  that	
  either	
  ignore	
  conformational	
  flexibility	
  of	
  the	
  binding	
  protein,	
  or	
  
sample	
  it	
  implicitly	
  as	
  we	
  do	
  through	
  the	
  use	
  of	
  structural	
  ensembles.	
  Accurate	
  
modeling	
  of	
  the	
  protein’s	
  bound	
  conformation	
  may	
  be	
  essential	
  for	
  prediction	
  of	
  the	
  
optimal	
  peptide	
  ligand;	
  at	
  the	
  same	
  time,	
  the	
  protein	
  conformation	
  of	
  the	
  bound	
  
state	
  may	
  be	
  energetically	
  unfavorable	
  in	
  the	
  absence	
  of	
  peptide,	
  so	
  that	
  accurate	
  
structure	
  prediction	
  necessitates	
  inclusion	
  of	
  the	
  peptide	
  ligand.	
  Future	
  work	
  may	
  
involve	
  concerted	
  sampling	
  of	
  both	
  protein	
  and	
  peptide	
  backbone	
  degrees	
  of	
  
freedom	
  for	
  identification	
  of	
  the	
  mutually	
  optimal	
  conformations.	
  
	
  
Background	
  PWM	
  normalization	
  boosts	
  signal	
  over	
  sampling	
  and	
  scoring	
  
noise	
  
	
  
The	
  large	
  degree	
  of	
  sampling	
  involved	
  in	
  the	
  pepspec	
  protocol	
  introduces	
  a	
  bias	
  
towards	
  smaller	
  residues	
  in	
  PWMs	
  built	
  directly	
  from	
  the	
  low-­‐energy	
  sequences.	
  
This	
  is	
  due	
  to	
  the	
  fact	
  that,	
  after	
  the	
  low-­‐resolution	
  backbone	
  sampling	
  step,	
  smaller	
  
residues	
  simply	
  have	
  a	
  much	
  greater	
  chance	
  of	
  avoiding	
  steric	
  clashes	
  with	
  protein	
  
atoms	
  during	
  the	
  high-­‐resolution	
  sidechain	
  sampling	
  phase.	
  We	
  also	
  found	
  our	
  raw	
  
PWMs	
  to	
  exhibit	
  rather	
  low	
  average	
  information	
  content	
  of	
  only	
  0.38	
  bits	
  compared	
  
to	
  the	
  reference	
  PWM	
  average	
  of	
  1.97	
  bits.	
  To	
  measure	
  these	
  biases,	
  we	
  ran	
  a	
  
pepspec	
  simulation	
  drawing	
  not	
  from	
  an	
  ensemble	
  of	
  one	
  target	
  protein,	
  but	
  from	
  a	
  
collection	
  of	
  103	
  non-­‐redundant	
  protein-­‐peptide	
  complex	
  structures.	
  This	
  
generated	
  a	
  background	
  PWM	
  (Figure	
  S1),	
  not	
  associated	
  with	
  any	
  specific	
  PRD,	
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that	
  captures	
  the	
  inherent	
  biases	
  of	
  the	
  computational	
  methodology	
  and	
  scoring	
  
scheme.	
  To	
  correct	
  for	
  these	
  biases,	
  we	
  found	
  it	
  advantageous	
  to	
  use	
  this	
  
background	
  PWM	
  in	
  a	
  normalization	
  of	
  any	
  predicted	
  PWMs,	
  thereby	
  boosting	
  the	
  
signal-­‐to-­‐noise	
  ratio	
  and	
  increasing	
  the	
  average	
  information	
  content	
  to	
  1.72	
  bits.	
  
The	
  normalization	
  procedure	
  was	
  formulated	
  to	
  insure	
  an	
  amplification	
  of	
  signals	
  
that	
  exceed	
  levels	
  expected	
  by	
  background	
  noise,	
  while	
  preventing	
  amplification	
  of	
  
rare	
  artifacts	
  not	
  captured	
  by	
  the	
  background	
  PWM.	
  We	
  initially	
  considered	
  
normalization	
  by	
  calculating	
  percentage	
  enrichment	
  over	
  background	
  frequencies.	
  
However,	
  this	
  was	
  found	
  to	
  overweight	
  signals	
  from	
  low	
  frequency	
  residues	
  that	
  
nevertheless	
  were	
  relatively	
  enriched	
  to	
  a	
  great	
  degree	
  in	
  the	
  predicted	
  PWM.	
  To	
  
address	
  this,	
  we	
  simply	
  subtracted	
  matrices	
  directly	
  and	
  eliminated	
  frequencies	
  that	
  
fell	
  below	
  zero,	
  as	
  this	
  offered	
  a	
  more	
  conservative	
  and	
  ultimately	
  more	
  effective	
  
approach	
  to	
  eliminating	
  background	
  and	
  boosting	
  signal.	
  
	
  
Conclusion:	
  
	
  
We	
  have	
  described	
  a	
  flexible-­‐backbone	
  peptide	
  design	
  algorithm	
  and	
  its	
  application	
  
to	
  the	
  prediction	
  of	
  peptide	
  binding	
  specificity.	
  The	
  algorithm	
  can	
  also	
  be	
  used	
  for	
  
the	
  design	
  of	
  high-­‐affinity	
  binding	
  peptides,	
  for	
  example	
  as	
  competitive	
  inhibitors	
  of	
  
naturally	
  occurring	
  protein-­‐peptide	
  interactions.	
  At	
  present,	
  the	
  algorithm	
  requires	
  
as	
  input	
  a	
  structural	
  model	
  of	
  the	
  target	
  protein	
  together	
  with	
  an	
  approximate	
  
binding	
  location	
  for	
  a	
  single	
  anchor	
  residue	
  in	
  the	
  peptide.	
  Our	
  benchmark	
  tests	
  
indicate	
  that	
  the	
  algorithm	
  is	
  capable	
  of	
  making	
  non-­‐trivial	
  predictions	
  even	
  when	
  
the	
  starting	
  models	
  for	
  the	
  target	
  protein	
  are	
  inaccurate.	
  Although	
  there	
  is	
  
substantial	
  room	
  for	
  improvement,	
  we	
  expect	
  that	
  by	
  highlighting	
  a	
  few	
  of	
  the	
  
challenges	
  inherent	
  in	
  structure-­‐based	
  specificity	
  prediction,	
  and	
  evaluating	
  
potential	
  solutions,	
  this	
  work	
  may	
  provide	
  a	
  foundation	
  for	
  future	
  progress	
  toward	
  
fast	
  and	
  reliable	
  prediction	
  of	
  protein-­‐protein	
  interactions.	
  
	
  
Supplementary	
  Materials:	
  
	
  
Benchmark	
  Target	
  Selection	
  
Targets	
  had	
  to	
  meet	
  a	
  number	
  of	
  requirements.	
  Each	
  had	
  to	
  have	
  been	
  structurally	
  
characterized	
  both	
  in	
  complex	
  with	
  a	
  peptide	
  ligand	
  and	
  in	
  unbound	
  from,	
  and	
  each	
  
needed	
  publicly	
  available	
  specificity	
  data.	
  Beyond	
  this,	
  representatives	
  were	
  chosen	
  
primarily	
  by	
  what	
  seemed	
  to	
  be	
  the	
  most	
  prototypical	
  and/or	
  well-­‐studied	
  member	
  
of	
  the	
  family.	
  For	
  the	
  kinase	
  test,	
  we	
  chose	
  the	
  cAMP-­‐dependent	
  Protein	
  Kinase	
  A	
  
(PKA),	
  as	
  this	
  was	
  the	
  first	
  kinase	
  to	
  be	
  structurally	
  characterized,	
  and	
  has	
  the	
  most	
  
entries	
  in	
  the	
  PDB.	
  For	
  the	
  SH2	
  domain,	
  we	
  chose	
  the	
  Src	
  SH2	
  domain,	
  as	
  this	
  is	
  the	
  
protein	
  from	
  whence	
  the	
  acronym	
  derives	
  (Src	
  Homology	
  2).	
  For	
  the	
  SH3	
  domain,	
  
we	
  chose	
  the	
  c-­‐Crk	
  SH3-­‐N	
  domain	
  for	
  its	
  interesting	
  specificity	
  profile	
  and	
  
availability	
  of	
  experimental	
  data.	
  We	
  decided	
  not	
  to	
  use	
  the	
  Src	
  SH3	
  domain	
  because	
  
its	
  specificity	
  profile	
  is	
  a	
  simple	
  polyproline	
  peptide,	
  and	
  we	
  wanted	
  to	
  attempt	
  
recapitulation	
  of	
  more	
  complex	
  sequence	
  features.	
  Only	
  Type	
  II	
  SH3	
  ligand	
  
orientations	
  were	
  considered	
  for	
  this	
  study.	
  For	
  the	
  PDZ	
  domain,	
  we	
  chose	
  the	
  PSD-­‐
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95	
  PDZ3	
  domain,	
  as	
  this	
  is	
  the	
  first	
  protein	
  represented	
  by	
  the	
  “PDZ”	
  acronym	
  (PSD-­‐
95,	
  Dlg,	
  ZO1).	
  	
  
	
  
PWM	
  P-­values	
  
The	
  Frobenius	
  norm	
  is	
  calculated	
  simply	
  by	
  concatenating	
  all	
  columns	
  of	
  a	
  matrix	
  
into	
  a	
  single	
  vector,	
  then	
  computing	
  the	
  Euclidean	
  distance	
  between	
  this	
  vector	
  and	
  
another,	
  similarly	
  formed	
  vector.	
  To	
  evaluate	
  the	
  significance	
  of	
  a	
  given	
  reference-­‐
prediction	
  PWM	
  distance,	
  we	
  transformed	
  the	
  value	
  of	
  the	
  Frobenius	
  norm	
  into	
  a	
  P-­‐
value	
  by	
  scoring	
  1000	
  random	
  PWMs	
  against	
  the	
  reference	
  PWM,	
  thus	
  defining	
  a	
  
Gaussian	
  distribution	
  from	
  which	
  P-­‐values	
  could	
  be	
  obtained.	
  Random	
  PWMs	
  were	
  
generated	
  as	
  follows.	
  For	
  each	
  PWM	
  position	
  p,	
  20	
  random	
  residue	
  weights	
  
{wp,1…wp,20}	
  were	
  chosen	
  from	
  a	
  uniform	
  distribution	
  on	
  (0,1),	
  and	
  another	
  random	
  
value	
  Sp	
  was	
  chosen	
  from	
  (0,Smax)	
  for	
  information	
  content	
  scaling.	
  Each	
  residue	
  
weight	
  in	
  position	
  p	
  was	
  then	
  raised	
  to	
  the	
  power	
  Sp	
  before	
  the	
  weight	
  vector	
  sum	
  
was	
  normalized	
  to	
  unity.	
  This	
  allowed	
  for	
  both	
  a	
  random	
  distribution	
  of	
  weights	
  for	
  
a	
  given	
  position,	
  and	
  a	
  random	
  distribution	
  of	
  information	
  content	
  throughout	
  the	
  
PWM.	
  For	
  our	
  reference	
  set,	
  the	
  average	
  of	
  information	
  content	
  per	
  position	
  
(excluding	
  anchor	
  positions)	
  was	
  1.960	
  bits.	
  This	
  compares	
  favorably	
  with	
  an	
  
average	
  1.965	
  bits	
  for	
  the	
  random	
  PWMs	
  generated	
  with	
  Smax	
  =	
  21,	
  as	
  opposed	
  to	
  
only	
  0.288	
  bits	
  for	
  the	
  naïve	
  case	
  of	
  Smax	
  =	
  S	
  =	
  1.	
  
	
  

	
  
Figure	
  S1.	
  Background	
  PWM	
  logo	
  used	
  for	
  normalization	
  of	
  raw	
  predicted	
  
PWMs.	
  
By	
  combining	
  peptide	
  design	
  solutions	
  for	
  a	
  non-­‐redundant	
  set	
  of	
  103	
  peptide-­‐
binding	
  protein	
  structures,	
  we	
  were	
  able	
  to	
  measure	
  the	
  background	
  sequence	
  bias	
  
of	
  our	
  specificity	
  prediction	
  methodology.	
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Table S1. Summary of Protein Data Bank structures used in this study. 
 

 
Table S2. Benchmark PWM prediction Frobenius norms and P-values. 
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Chapter	
  3	
  
	
  
Improvements	
  in	
  Energetic	
  Modeling	
  of	
  
Biomolecular	
  Systems	
  at	
  Protein	
  Interfaces	
  

	
  
Abstract	
  
	
  
Structure-­‐based	
  design	
  of	
  biomolecular	
  interfaces	
  relies	
  on	
  the	
  accurate	
  prediction	
  
of	
  intermolecular	
  energetics	
  and	
  precise	
  recapitulation	
  of	
  experimentally	
  verified	
  
molecular	
  geometries.	
  Improvements	
  in	
  the	
  energy	
  function	
  used	
  for	
  design	
  can	
  
only	
  be	
  accomplished	
  through	
  quantitative	
  characterization	
  of	
  geometric	
  artifacts	
  
and	
  rigorous	
  testing	
  of	
  hypothesis-­‐driven	
  modifications	
  to	
  the	
  energy	
  function.	
  
Here,	
  we	
  describe	
  standardized	
  scientific	
  benchmark	
  tests	
  on	
  representative	
  sets	
  of	
  
high	
  resolution	
  protein-­‐protein	
  and	
  protein-­‐ligand	
  interface	
  crystal	
  structures	
  for	
  
the	
  evaluation	
  and	
  energetic	
  analysis	
  of	
  current	
  computational	
  protocols,	
  then	
  
leverage	
  these	
  insights	
  to	
  introduce	
  modifications	
  to	
  our	
  energetic	
  calculations	
  that	
  
improve	
  prediction	
  of	
  both	
  structure	
  and	
  sequence	
  in	
  protein	
  design	
  calculations.	
  
	
  
Introduction	
  
	
  

Biological	
  macromolecules	
  adopt	
  stable	
  structures	
  via	
  minimization	
  of	
  the	
  Gibbs	
  
free	
  energy.	
  To	
  predict	
  the	
  conformations	
  of	
  these	
  polymers,	
  it	
  is	
  essential	
  that	
  one	
  
employ	
  some	
  scheme	
  to	
  estimate	
  the	
  relative	
  stability	
  of	
  that	
  molecule	
  in	
  different	
  
conformations;	
  likewise,	
  when	
  designing	
  biopolymers,	
  one	
  must	
  accurately	
  predict	
  
the	
  relative	
  stabilities	
  of	
  different	
  sequences	
  in	
  some	
  structural	
  or	
  functional	
  
context.	
  This	
  typically	
  takes	
  the	
  form	
  of	
  an	
  energy	
  function	
  or,	
  more	
  generally,	
  
scoring	
  function,	
  that	
  ascribes	
  some	
  value	
  to	
  a	
  given	
  molecular	
  system	
  that	
  
correlates	
  to	
  the	
  Gibbs	
  free	
  energy	
  to	
  some	
  degree.	
  There	
  exists	
  a	
  polarity	
  of	
  
thought	
  in	
  how	
  best	
  to	
  accurately	
  predict	
  the	
  lowest-­‐energy	
  structures/sequences	
  
for	
  a	
  given	
  system.	
  On	
  one	
  end	
  of	
  this	
  polarity,	
  probabilistic	
  and	
  machine-­‐learning	
  
techniques	
  leverage	
  large	
  amounts	
  of	
  experimental	
  data	
  to	
  train	
  some	
  function	
  or	
  
classifier	
  to	
  discriminate	
  correct	
  from	
  incorrect	
  structures	
  based	
  on	
  some	
  number	
  
of	
  features	
  of	
  the	
  input	
  data.	
  These	
  methods	
  are	
  often	
  extremely	
  fast,	
  but	
  require	
  re-­‐
parameterization	
  every	
  time	
  a	
  new	
  feature	
  type	
  is	
  included,	
  and	
  may	
  suffer	
  from	
  
wild	
  inaccuracies	
  when	
  modeling	
  types	
  of	
  systems	
  for	
  which	
  little	
  experimental	
  data	
  
exists.	
  On	
  the	
  other	
  end,	
  physical	
  or	
  theoretical	
  methods	
  attempt	
  to	
  use	
  quantum	
  
mechanics	
  and/or	
  statistical	
  mechanics	
  to	
  formally	
  calculate	
  the	
  thermodynamics	
  of	
  
the	
  system	
  from	
  first	
  principles	
  given	
  some	
  approximations;	
  the	
  total	
  energy	
  of	
  the	
  
system	
  is	
  expressed	
  as	
  a	
  sum	
  of	
  terms	
  with	
  clear	
  physical	
  origins.	
  These	
  methods	
  
require	
  little	
  parameterization	
  and	
  can	
  be	
  extremely	
  accurate,	
  but	
  are	
  often	
  
computationally	
  intractable	
  for	
  molecular	
  systems	
  of	
  reasonable	
  size.	
  

	
   The	
  Rosetta	
  scoring	
  function	
  falls	
  somewhere	
  between	
  these	
  two	
  extremes	
  
by	
  combining	
  physical	
  and	
  statistical	
  terms;	
  the	
  total	
  energy	
  of	
  the	
  system	
  is	
  
expressed	
  as	
  a	
  sum	
  of	
  terms	
  with	
  identifiable	
  physical	
  origins,	
  but	
  the	
  functions	
  that	
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calculate	
  these	
  terms	
  are	
  either	
  refined	
  with	
  experimental	
  data	
  or	
  based	
  entirely	
  on	
  
distributions	
  of	
  features	
  in	
  known	
  structures.	
  This	
  approach,	
  while	
  effective,	
  results	
  
in	
  significant	
  double-­‐counting	
  of	
  many	
  different	
  physical	
  interactions	
  1,	
  and	
  makes	
  
the	
  direct	
  effects	
  of	
  modification	
  or	
  improvement	
  to	
  any	
  one	
  score	
  term	
  very	
  hard	
  to	
  
predict.	
  Only	
  through	
  rigorous	
  testing	
  benchmarks	
  based	
  on	
  high	
  quality	
  
experimental	
  data	
  and	
  careful	
  analysis	
  of	
  the	
  interplay	
  between	
  different	
  score	
  
terms	
  may	
  one	
  hope	
  to	
  significantly	
  improve	
  such	
  an	
  energetic	
  model.	
  	
  
	
  

Here,	
  we	
  describe	
  the	
  creation,	
  testing,	
  and	
  analysis	
  of	
  automated	
  computational	
  
protein	
  design	
  benchmarks	
  utilizing	
  high	
  quality	
  crystal	
  structures	
  of	
  protein-­‐
protein	
  and	
  protein-­‐ligand	
  interfaces.	
  The	
  components	
  of	
  the	
  Rosetta	
  energy	
  
function	
  driving	
  predictions	
  away	
  from	
  the	
  accurate	
  reference	
  data	
  are	
  then	
  
elucidated	
  and	
  the	
  effects	
  of	
  different	
  modifications	
  to	
  the	
  energy	
  function	
  are	
  
explored.	
  Score	
  function	
  perturbations	
  often	
  have	
  mixed	
  effects	
  on	
  predictive	
  
performance,	
  such	
  that	
  the	
  net	
  effect	
  of	
  a	
  substantial	
  modifications	
  may	
  appear	
  to	
  
garner	
  little	
  or	
  no	
  benefit;	
  however,	
  computational	
  tools	
  for	
  statistical	
  analysis	
  and	
  
visualization	
  of	
  these	
  complex,	
  interdependent	
  effects	
  were	
  developed	
  to	
  ascertain	
  
not	
  only	
  the	
  net	
  performance	
  of	
  a	
  given	
  score	
  function,	
  but	
  also	
  the	
  shifting	
  
interplay	
  and	
  balance	
  between	
  different	
  score	
  terms	
  and	
  the	
  physicochemical	
  
contexts	
  in	
  which	
  erroneous	
  predictions	
  are	
  made.	
  	
  
	
  
Methods:	
  
	
  
Score	
  Function.	
  In	
  Rosetta,	
  each	
  molecule	
  is	
  represented	
  as	
  a	
  polymer	
  of	
  one	
  or	
  
more	
  subunits,	
  or	
  residues.	
  The	
  total	
  score	
  of	
  a	
  biomolecular	
  system	
  is	
  calculated	
  as	
  
the	
  sum	
  of	
  all	
  residue-­‐residue	
  pairwise	
  scores.	
  Each	
  pairwise	
  score	
  is	
  calculated	
  as	
  a	
  
weighted	
  sum	
  of	
  Rosetta	
  score	
  terms.	
  The	
  Rosetta	
  all-­‐atom	
  scoring	
  function	
  
employs	
  a	
  variety	
  of	
  physical	
  and	
  statistical	
  terms	
  to	
  account	
  for	
  the	
  physical	
  forces	
  
known	
  to	
  drive	
  biopolymer	
  folding	
  and	
  geometric	
  features	
  found	
  in	
  experimentally	
  
determined	
  biomolecular	
  structures.	
  Van	
  der	
  Waals	
  forces	
  are	
  accounted	
  for	
  a	
  with	
  
a	
  Lennard-­‐Jones	
  model,	
  with	
  atomic	
  radii	
  and	
  well	
  depths	
  adapted	
  from	
  the	
  
CHARMM19	
  parameter	
  set	
  2.	
  Electrostatic	
  interactions	
  in	
  protein-­‐protein	
  systems	
  
are	
  scored	
  with	
  an	
  atom-­‐atom	
  distance	
  potential	
  based	
  on	
  atom-­‐type	
  pair	
  distances	
  
observed	
  in	
  protein	
  crystal	
  structures,	
  or	
  alternatively	
  a	
  Coulomb	
  potential	
  with	
  a	
  
distance-­‐dependent	
  dielectric.	
  In	
  addition,	
  hydrogen	
  bonding	
  is	
  accounted	
  for	
  
explicitly	
  with	
  an	
  orientation-­‐dependent	
  potential	
  based	
  on	
  donor-­‐acceptor	
  
distances	
  and	
  angles	
  in	
  crystal	
  structures.	
  Solvent	
  effects	
  are	
  represented	
  implicitly	
  
using	
  the	
  model	
  of	
  Lazaridis	
  and	
  Karplus	
  3.An	
  amino	
  acid-­‐dependent	
  backbone	
  
dihedral	
  potential	
  has	
  been	
  derived	
  from	
  the	
  Ramachandran	
  backbone	
  dihedral	
  
distributions	
  found	
  in	
  crystal	
  structures,	
  and	
  sidechain	
  dihedral	
  propensities	
  are	
  
captured	
  in	
  a	
  statistical	
  potential	
  derived	
  from	
  backbone-­‐sidechain	
  dihedral	
  
probability	
  correlations	
  observed	
  in	
  crystal	
  structures	
  4.	
  Lastly,	
  each	
  residue	
  type	
  is	
  
associated	
  with	
  a	
  constant,	
  context-­‐independent	
  score,	
  calibrated	
  to	
  reflect	
  the	
  
average	
  energy	
  of	
  that	
  residue	
  type	
  in	
  the	
  reference	
  (unfolded)	
  state.	
  The	
  standard	
  
Rosetta	
  score	
  function	
  with	
  corrections,	
  including	
  the	
  modified	
  Dunbrack02	
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rotamer	
  library,	
  implemented	
  by	
  Yifan	
  Song	
  1,	
  is	
  denoted	
  as	
  the	
  standard	
  Rosetta	
  
score	
  function,	
  “score12”.	
  
	
  
	
  
	
  
	
  
Energy	
  Function	
  Terms:	
  Classification	
  and	
  Definitions	
  
Solvation fa_sol – implicit solvation energy 
  

fa_pair – statistical non-bonded atom pair 
distance potential (captures electrostatics) 

Electrostatics 

hack_elec – Coulombic electrostatics 
  

hbond_sr_bb – short-range backbone hydrogen 
bonds 
hbond_lr_bb – long-range backbone hydrogen 
bonds 
hbond_bb_sc – backbone-sidechain hydrogen 
bonds 

Hydrogen 
Bonding 

hbond_sc - sidechain-sidechain hydrogen bonds 
  

fa_dun – rotamer probability score (captures 
intra-residue strain) 

Sidechain 
Torsional 
Strain fa_intra_rep – intra-residue Van der Waals 

repulsive 
  

p_aa_pp – backbone torsion score (from 
probability of amino acid given phi/psi) 
rama - another backbone torsion score (from 
prob. of phi/psi given amino acid) 
pro_close – penalty for proline rings not closed 
properly 

Backbone 
Torsional 
Strain 

omega – penalty for non-planar backbone 
omega geometry 

  
dslf_ss_dst – disulphide S-S distance restraint 
dslf_cs_ang – disulphide C-S angle restraint 
dslf_ss_dih – disulphide S-S dihedral restraint 

Disulfide 
Bonds 

dslf_ca_dih – disulphide Cα dihedral restraint 
  
Reference 
State 

ref – reference (unfolded) state energy for 
design calculations. Should reflect average 
energy of residue type in unfolded state. 
Actually a residue type-specific slack 
variable/calibration factor. 
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Energy	
  Function	
  Term	
  Scaling	
  Coefficients	
  

 

	
  

	
  

	
  

	
  

	
  
	
  
Natural	
  Protein-­Protein	
  Interface	
  Benchmark	
  Set.	
  The	
  protein-­‐protein	
  interface	
  
benchmark	
  crystal	
  structure	
  set	
  was	
  obtained	
  from	
  a	
  subset	
  of	
  the	
  ZDOCK	
  4	
  
benchmark	
  set	
  5.	
  It	
  excludes	
  obligate	
  complexes,	
  complexes	
  formed	
  due	
  to	
  crystal	
  
contacts,	
  and	
  excludes	
  complexes	
  that	
  show	
  redundancy	
  at	
  the	
  family	
  level	
  in	
  SCOP	
  
6.	
  Crystal	
  structures	
  of	
  the	
  unbound	
  forms	
  of	
  every	
  protein	
  in	
  the	
  set	
  are	
  available,	
  
as	
  are	
  electron	
  density	
  maps.	
  In	
  total,	
  152	
  structures	
  with	
  a	
  resolution	
  of	
  3.0	
  Å	
  or	
  
less	
  were	
  included	
  in	
  the	
  test	
  set.	
  The	
  monomeric	
  protein	
  benchmark	
  set	
  includes	
  
69	
  crystal	
  structures	
  with	
  a	
  resolution	
  less	
  than	
  1.9	
  Å	
  for	
  which	
  electron	
  density	
  
maps	
  could	
  be	
  obtained.	
  These	
  were	
  selected	
  to	
  include	
  all-alpha, all-beta, and alpha-
beta proteins 7.	
  	
  For	
  each	
  protein	
  structure	
  in	
  the	
  benchmark	
  set,	
  the	
  residues	
  of	
  
interest	
  are	
  first	
  identified.	
  For	
  structures	
  that	
  contain	
  intermolecular	
  interfaces,	
  
only	
  the	
  interfacial	
  residue’s	
  sidechains	
  are	
  optimized,	
  whereas	
  all	
  residues’	
  
sidechains	
  are	
  optimized	
  in	
  monomeric	
  proteins.	
  Interfacial	
  residues	
  are	
  defined	
  as	
  
follows:	
  any	
  residue	
  with	
  any	
  sidechain	
  heavy	
  atoms	
  within	
  3.5	
  Å	
  of	
  another	
  heavy	
  
atom	
  in	
  another	
  molecule.	
  Any	
  residue	
  containing	
  a	
  sidechain	
  atom	
  with	
  less	
  than	
  
0.5	
  occupancy	
  is	
  ignored.	
  Electron	
  density	
  maps	
  (2mFo-­‐DFc)	
  were	
  obtained	
  for	
  each	
  
protein	
  in	
  the	
  benchmark	
  sets	
  via	
  the	
  Uppsala	
  Electron	
  Density	
  Server	
  (EDS)	
  8.	
  Each	
  
residue	
  in	
  the	
  test	
  set	
  is	
  first	
  optimized	
  (see	
  below)	
  using	
  the	
  electron	
  density	
  as	
  a	
  
strong	
  scoring	
  constraint	
  9.	
  If	
  the	
  sidechain	
  optimized	
  using	
  the	
  electron	
  density	
  fits	
  
the	
  electron	
  density	
  better	
  (has	
  a	
  lower	
  electron	
  density	
  constraint	
  score),	
  this	
  
optimized	
  sidechain	
  is	
  treated	
  as	
  the	
  “native”	
  rotamer.	
  

	
  
Designed	
  Protein-­Ligand	
  Interface	
  Benchmark	
  Set.	
  We	
  collected	
  18	
  crystal	
  
structures	
  from	
  a	
  diverse	
  array	
  of	
  designed	
  ligand-­‐binding	
  proteins	
  and	
  compared	
  

€ 

Vdesign =Vinteraction +Vhbond +Vdslf +Vstruct +Vconstraints

€ 

Vinteraction = 0.8⋅ Vfa _ atr + 0.44⋅ Vfa _ rep + 0.65⋅ Vfa _ sol + 0.49⋅ Vfa _ pair + 0.5⋅ Vhack _ elec + 0.5⋅ Vch _ bond _ bb _ bb +Vfa _ cust _ pair _ dist

€ 

Vhbond = 0.585⋅ Vhbond _ sr _ bb +1.17⋅ Vhbond _ lr _ bb +1.17⋅ Vhbond _ bb _ sc +1.1⋅ Vhbond _ sc

€ 

Vdslf = 0.5⋅ Vdslf _ ss_ dst + 2⋅ Vdslf _ cs_ ang + 5⋅ Vdslf _ ss_ dih + 5⋅ Vdslf _ cs_ dih

€ 

Vstruct =Vpro_ close + 0.2⋅ Vrama + 0.5⋅ Vomega + 0.56⋅ Vfa _ dun + 0.32⋅ Vp _ aa _ pp + 0.179⋅ Venvsmooth +Vref +Vchainbreak
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each	
  to	
  the	
  corresponding	
  computational	
  model	
  that	
  originally	
  drove	
  its	
  
experimental	
  production	
  and	
  testing.	
  The	
  set	
  includes	
  the	
  following:	
  two	
  designs	
  of	
  
de	
  novo	
  esterase	
  (Richter,	
  F.,	
  unpublished);	
  three	
  designs	
  to	
  perform	
  a	
  Kemp	
  
elimination	
  (Rothlisberger,	
  unpublished);	
  one	
  design	
  of	
  a	
  de	
  novo	
  Morita	
  Baylis	
  
Hillman	
  catalyst	
  (Bjelic	
  S.,	
  and	
  Nivón	
  L.G.,	
  unpublished);	
  one	
  design	
  of	
  a	
  
phosphorylated-­‐ester	
  binding	
  protein	
  (Nivón,	
  L.G.,	
  unpublished);	
  three	
  designs	
  of	
  a	
  
binding	
  protein	
  for	
  digoxigenin	
  (Tinberg,	
  C.,	
  unpublished);	
  four	
  designs	
  to	
  form	
  a	
  
catalytic	
  triad	
  for	
  hydrolysis	
  (Sridhar	
  unpublished);	
  three	
  designs	
  to	
  catalyze	
  a	
  
Retro-­‐Aldol	
  reaction	
  (Althoff,	
  unpublished);	
  and	
  one	
  designed	
  to	
  cleave	
  
organophosphate	
  compounds	
  (Sagar	
  and	
  Yakov,	
  unpublished). 	
  
	
  
Sidechain	
  Recapitulation	
  Testing.	
  Next,	
  for	
  each	
  residue	
  undergoing	
  testing,	
  the	
  
lowest-­‐scoring	
  sidechain	
  conformation	
  is	
  identified.	
  For	
  rotamer	
  recovery,	
  the	
  
chemical	
  identity	
  of	
  the	
  residue	
  is	
  held	
  fixed;	
  for	
  sequence	
  recovery,	
  it	
  is	
  allowed	
  to	
  
sample	
  all	
  20	
  canonical	
  amino	
  acids.	
  Sidechains	
  are	
  optimized	
  within	
  the	
  context	
  of	
  
the	
  experimental	
  structure;	
  that	
  is,	
  only	
  one	
  sidechain	
  is	
  optimized	
  at	
  a	
  time,	
  while	
  
all	
  others	
  remain	
  fixed.	
  First,	
  all	
  sidechain	
  degrees	
  of	
  freedom	
  undergo	
  gradient-­‐
based	
  minimization	
  until	
  convergence,	
  and	
  score	
  data	
  is	
  saved.	
  Rotamers	
  are	
  then	
  
“repacked”,	
  optimized	
  via	
  iterative	
  sampling	
  of	
  the	
  sidechain	
  conformations	
  in	
  the	
  
Dunbrack	
  Rotamer	
  Library	
  4.	
  The	
  chi	
  angles	
  corresponding	
  to	
  each	
  rotamer	
  bin	
  
center,	
  plus	
  2	
  half	
  standard	
  deviations	
  on	
  each	
  side	
  of	
  that	
  bin,	
  are	
  sampled	
  
iteratively.	
  Each	
  rotamer	
  conformation	
  is	
  subjected	
  to	
  gradient-­‐based	
  minimization	
  
before	
  scoring	
  again.	
  The	
  lowest-­‐scoring	
  rotamer	
  is	
  saved	
  as	
  the	
  Rosetta	
  prediction.	
  
	
  
Weight	
  Fitting.	
  The	
  weights	
  for	
  linear	
  combination	
  of	
  Rosetta	
  score	
  terms,	
  along	
  
with	
  residue-­‐specific	
  reference	
  energies,	
  were	
  optimized	
  using	
  optE	
  (Leaver-­‐Fay,	
  
unpublished).	
  This	
  application	
  employs	
  an	
  iterative	
  particle-­‐swarm	
  scheme	
  for	
  
optimizing	
  score	
  term	
  weights	
  and	
  reference	
  energies	
  to	
  maximize	
  sequence	
  
recovery	
  for	
  predefined	
  residues	
  across	
  some	
  number	
  of	
  input	
  protein	
  structures.	
  

	
  
Sidechain	
  Recovery	
  Statistical	
  Calculations.	
  Before	
  analyzing	
  the	
  results	
  of	
  
sidechain	
  recovery	
  simulations,	
  residue	
  positions	
  are	
  filtered	
  to	
  remove	
  any	
  
possibly	
  erroneous	
  experimental	
  data.	
  All	
  crystal	
  structure	
  B-­‐	
  factors	
  are	
  
normalized	
  according	
  to	
  10,	
  and	
  a	
  normalized	
  sidechain	
  B-­‐factor	
  is	
  calculated	
  by	
  
averaging	
  over	
  normalized	
  heavy	
  atom	
  B-­‐factors.	
  Any	
  residue	
  with	
  a	
  sidechain	
  B-­‐
factor	
  greater	
  than	
  1.0	
  is	
  ignored.	
  Also,	
  any	
  sidechain	
  detected	
  to	
  clash	
  with	
  another	
  
residue	
  (LJ	
  repulsive	
  score	
  greater	
  than	
  5.0)	
  in	
  the	
  native	
  structure	
  or	
  in	
  the	
  
gradient-­‐minimized	
  structure	
  is	
  also	
  ignored.	
  

After	
  filtering,	
  sidechain	
  recovery	
  is	
  measured.	
  Recovery	
  rates	
  were	
  always	
  
normalized	
  by	
  residue	
  type	
  counts	
  in	
  the	
  dataset;	
  that	
  is,	
  relative	
  abundance	
  of	
  one	
  
residue	
  type	
  over	
  another	
  in	
  the	
  dataset	
  is	
  corrected	
  for	
  and	
  has	
  no	
  direct	
  effect	
  on	
  
recovery	
  rate.	
  For	
  fixed-­‐sequence	
  simulations,	
  rotamer	
  recovery	
  is	
  gauged	
  by	
  
whether	
  or	
  not	
  the	
  lowest-­‐scoring	
  rotamer	
  has	
  a	
  sidechain	
  heavy	
  atom	
  RMSD	
  of	
  less	
  
than	
  0.8	
  Å	
  to	
  the	
  crystal	
  structure	
  sidechain.	
  For	
  design	
  testing,	
  success	
  is	
  gauged	
  
only	
  by	
  whether	
  or	
  not	
  the	
  correct	
  residue	
  type	
  is	
  recovered.	
  Score	
  covariances	
  
were	
  analyzed	
  as	
  follows.	
  For	
  each	
  residue,	
  the	
  change	
  in	
  each	
  score	
  term	
  between	
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the	
  native	
  and	
  predicted	
  sidechain	
  was	
  saved.	
  For	
  each	
  residue	
  type,	
  the	
  covariance	
  
between	
  the	
  sidechain	
  heavy	
  atom	
  RMSD	
  and	
  the	
  change	
  in	
  each	
  score	
  term	
  was	
  
measured.	
  For	
  sequence	
  recovery	
  testing,	
  the	
  RMSD	
  was	
  either	
  set	
  to	
  0	
  for	
  a	
  match	
  
or	
  1	
  for	
  a	
  mutation.	
  Correlation	
  coefficients	
  were	
  calculated	
  from	
  the	
  RMSD-­‐Δscore	
  
covariances	
  by	
  normalizing	
  each	
  covariance	
  by	
  the	
  geometric	
  mean	
  of	
  the	
  variables’	
  
variances.	
  
	
  
Results:	
  
	
  
Sidechain	
  Structure	
  Prediction	
  in	
  Evolved	
  Protein-­Protein	
  Interfaces	
  and	
  
Energetic	
  Analysis	
  of	
  Artifacts.	
  For	
  the	
  protein-­‐protein	
  interface	
  benchmark,	
  
rotamer	
  recovery	
  stands	
  at	
  80.8%.	
  As	
  seen	
  in	
  Fig	
  1A,	
  recovery	
  at	
  protein	
  interfaces	
  
fares	
  particularly	
  poorly	
  for	
  K,	
  M,	
  Q,	
  and	
  R	
  residues.	
  This	
  is	
  not	
  surprising	
  to	
  some	
  
extent,	
  as	
  R	
  and	
  K	
  have	
  four	
  sidechain	
  degrees	
  of	
  freedom,	
  while	
  M	
  and	
  Q	
  have	
  
three,	
  allowing	
  for	
  a	
  greater	
  number	
  of	
  chances	
  for	
  scoring	
  errors	
  during	
  sidechain	
  
sampling.	
  Which	
  components	
  of	
  the	
  score	
  function	
  are	
  primarily	
  responsible	
  for	
  
deviations	
  from	
  the	
  conformations	
  that	
  best	
  fit	
  the	
  electron	
  density?	
  To	
  answer	
  this,	
  
we	
  may	
  compute	
  the	
  covariance	
  between	
  the	
  change	
  in	
  each	
  component	
  of	
  the	
  score	
  
function	
  and	
  the	
  sidechain	
  RMSD	
  of	
  the	
  rotamer	
  repacked	
  into	
  the	
  electron	
  density	
  
vs.	
  the	
  rotamer	
  repacked	
  using	
  only	
  the	
  score	
  function.	
  That	
  is,	
  for	
  each	
  residue	
  
type,	
  how	
  does	
  the	
  degree	
  of	
  “wrongness”	
  of	
  the	
  prediction	
  vary	
  with	
  the	
  change	
  in	
  
each	
  score	
  term?	
  This	
  can	
  be	
  visualized	
  as	
  the	
  covariance	
  matrix	
  heatmap	
  in	
  Fig.	
  1B.	
  
Here,	
  darker	
  blue	
  indicates	
  a	
  stronger	
  negative	
  correlation	
  between	
  the	
  change	
  in	
  
score	
  and	
  the	
  change	
  in	
  structure;	
  that	
  is,	
  darker	
  blue	
  indicates	
  the	
  score	
  terms	
  that	
  
are	
  becoming	
  more	
  negative,	
  and	
  hence	
  driving	
  the	
  change	
  in	
  structure.	
  The	
  row	
  
labeled	
  “fa_dun”,	
  corresponding	
  to	
  the	
  Dunbrack	
  rotamer	
  score,	
  dominates	
  the	
  
signal	
  in	
  the	
  heatmap,	
  pointing	
  to	
  this	
  term	
  as	
  one	
  of	
  the	
  primary	
  culprits	
  in	
  failure	
  
of	
  rotamer	
  recovery.	
  

	
  
Figure	
  1.	
  Protein-­‐protein	
  interface	
  rotamer	
  recovery	
  rates	
  (1A)	
  and	
  covariance	
  
matrix	
  (1B)	
  for	
  the	
  standard	
  Rosetta	
  score	
  function.	
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The	
  rotamer	
  score	
  is	
  composed	
  of	
  the	
  sum	
  of	
  two	
  terms:	
  a	
  rotamer	
  
probability	
  score,	
  and	
  a	
  rotamer	
  deviation	
  score.	
  The	
  first	
  term	
  reflects	
  the	
  log	
  
probability	
  that	
  a	
  residue	
  with	
  given	
  backbone	
  angles	
  exists	
  in	
  a	
  given	
  rotamer	
  bin,	
  
and	
  the	
  second	
  calculates	
  a	
  harmonic	
  potential	
  penalty	
  for	
  chi	
  angle	
  deviations	
  from	
  
the	
  center	
  of	
  that	
  rotamer	
  bin	
  (Eqn.	
  1).	
  

	
  
	
  
	
  
	
  
	
  
	
  
	
  

These	
  terms	
  are	
  labeled	
  “fa_dun_rot”	
  and	
  “fa_dun_dev”,	
  respectively,	
  at	
  the	
  top	
  of	
  the	
  
covariance	
  heatmap	
  in	
  Fig.	
  1B.	
  For	
  L,	
  M,	
  Q,	
  R,	
  and	
  W,	
  we	
  see	
  a	
  strong	
  RMSD	
  
covariance	
  with	
  the	
  drop	
  in	
  rotamer	
  deviation	
  score.	
  To	
  correct	
  for	
  these	
  errors,	
  we	
  
may	
  decrease	
  the	
  chi	
  deviation	
  penalties	
  by	
  rescaling	
  the	
  rotameric	
  chi	
  standard	
  
deviations,	
  effectively	
  reducing	
  the	
  spring	
  constant	
  on	
  the	
  harmonic	
  deviation	
  
potential.	
  The	
  results	
  of	
  this	
  can	
  be	
  found	
  in	
  Fig.	
  2A.	
  For	
  each	
  residue	
  type,	
  rotamer	
  
recovery	
  peaks	
  at	
  some	
  standard	
  deviation	
  scaling	
  factor	
  between	
  1.0	
  and	
  3.0.	
  In	
  
Fig.	
  2B	
  can	
  be	
  seen	
  the	
  RMSD	
  -­‐	
  chi	
  deviation	
  penalty	
  covariances	
  for	
  the	
  different	
  
scaling	
  factors	
  and,	
  as	
  expected,	
  we	
  see	
  a	
  reduction	
  in	
  the	
  signal	
  corresponding	
  to	
  
the	
  chi	
  deviation-­‐driven	
  errors.	
  By	
  combining	
  these	
  optimized	
  rescaling	
  factors	
  for	
  
their	
  respective	
  residue	
  types,	
  average	
  rotamer	
  recovery	
  can	
  be	
  increased	
  from	
  
80.8%	
  to	
  82.3%.	
  
	
   In	
  Fig.	
  1B,	
  it	
  can	
  be	
  seen	
  that	
  the	
  rotamer	
  probability	
  score	
  also	
  has	
  a	
  
substantial	
  effect	
  on	
  rotamer	
  recovery,	
  especially	
  for	
  I	
  and	
  K	
  residues.	
  Thus,	
  the	
  
effect	
  of	
  the	
  rotamer	
  probability	
  score	
  was	
  adjusted	
  in	
  a	
  similar	
  fashion	
  by	
  
smoothing	
  the	
  probability	
  distributions	
  for	
  each	
  residue	
  type.	
  That	
  is,	
  each	
  rotamer	
  
probability	
  was	
  transformed	
  into	
  an	
  energy	
  via	
  Eqn.	
  1,	
  those	
  energies	
  were	
  divided	
  
by	
  some	
  constant	
  “temperature”	
  factor,	
  then	
  transformed	
  back	
  into	
  probabilities	
  in	
  
the	
  inverse	
  fashion.	
  This	
  has	
  the	
  same	
  effect	
  as	
  increasing	
  the	
  temperature	
  of	
  the	
  
Boltzmann	
  probability	
  distribution.	
  The	
  results	
  of	
  this	
  can	
  be	
  seen	
  in	
  Fig.	
  2C	
  and	
  2D.	
  
The	
  expected	
  effect	
  is	
  observed,	
  but	
  the	
  changes	
  in	
  rotamer	
  recovery	
  are	
  quite	
  
modest.	
  

 

Eqn.1
Edun = Edun _ rot + Edun _ dev

Edun _ rot = − log(Prot (
χ |Φ,Ψ))

Edun _ dev =
χ − µ
σchis

∑
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Figure	
  2.	
  Protein-­‐protein	
  interface	
  rotamer	
  recovery	
  rates	
  for	
  rotamer	
  chi	
  deviation	
  
penalty	
  smoothing	
  (2A)	
  and	
  probability	
  density	
  penalty	
  smoothing	
  (2C).	
  The	
  
covariance	
  matrix	
  rows	
  corresponding	
  to	
  the	
  chi	
  deviation	
  penalty	
  (2B)	
  and	
  the	
  
probability	
  density	
  penalty	
  (2D)	
  for	
  different	
  smoothing	
  factors	
  are	
  shown.	
  The	
  
covariances	
  between	
  these	
  scores	
  and	
  RMSD	
  decreases	
  as	
  the	
  potentials	
  are	
  
smoothed.	
  	
  
	
  
	
  
Sequence	
  Prediction	
  in	
  Evolved	
  Protein-­Protein	
  Interfaces	
  and	
  Energetic	
  
Determinants	
  of	
  Artifacts.	
  If	
  we	
  use	
  a	
  protocol	
  identical	
  to	
  the	
  rotamer	
  recovery	
  
protocol,	
  but	
  allow	
  all	
  residues	
  at	
  each	
  position,	
  we	
  get	
  sequence	
  recovery	
  data	
  like	
  
that	
  shown	
  in	
  Fig.	
  3A.	
  Here,	
  success	
  is	
  judged	
  not	
  by	
  recovery	
  of	
  the	
  native	
  rotamer,	
  
but	
  simply	
  by	
  whether	
  or	
  not	
  the	
  original	
  residue	
  type	
  is	
  recovered.	
  In	
  Fig.	
  3B,	
  we	
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see	
  that	
  the	
  rotamer	
  score	
  (fa_dun)	
  remains	
  a	
  problem	
  across	
  multiple	
  residue	
  
types.	
  One	
  way	
  to	
  address	
  this	
  is	
  to	
  apply	
  the	
  chi	
  standard	
  deviation	
  rescaling	
  
parameters	
  that	
  were	
  found	
  to	
  be	
  optimal	
  for	
  each	
  residue	
  type	
  in	
  rotamer	
  
recovery;	
  we	
  can	
  rescale	
  the	
  standard	
  deviations	
  by	
  a	
  different	
  factor	
  for	
  each	
  
residue	
  type.	
  The	
  results	
  of	
  this	
  are	
  also	
  shown	
  in	
  Fig.	
  3A.	
  Overall	
  sequence	
  recovery	
  
remains	
  at	
  49%,	
  and	
  the	
  effects	
  here	
  are	
  much	
  less	
  clear,	
  as	
  some	
  residues’	
  recovery	
  
rates	
  increase,	
  while	
  others	
  decrease.	
  Smoothing	
  of	
  the	
  overall	
  rotamer	
  probability	
  
distributions	
  has	
  a	
  similarly	
  small	
  effect	
  on	
  sequence	
  recovery	
  (data	
  not	
  shown).	
  

	
  

	
  
Figure	
  3.	
  	
  (3A)	
  Protein-­‐protein	
  interface	
  sequence	
  recovery	
  rates	
  for	
  single-­‐residue	
  
design	
  testing	
  with	
  standard	
  score12	
  weights	
  and	
  with	
  optimized	
  chi	
  deviation	
  
penalty	
  smoothing.	
  Covariances	
  (3B)	
  and	
  correlation	
  coefficients	
  (3C)	
  for	
  score	
  term	
  
changes	
  with	
  design	
  failures.	
  The	
  heatmap	
  rows	
  in	
  3C	
  are	
  normalized	
  by	
  the	
  
variances	
  of	
  each	
  associated	
  score	
  term,	
  allowing	
  for	
  better	
  visualization	
  of	
  more	
  
subtle	
  score	
  changes.	
  The	
  transition	
  matrix	
  in	
  3D	
  shows	
  only	
  mutations,	
  and	
  has	
  
been	
  normalized	
  by	
  sequence	
  counts	
  in	
  the	
  original	
  benchmark	
  set	
  (by	
  column).	
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What	
  other	
  effects	
  are	
  driving	
  sequence	
  recovery	
  failure?	
  To	
  visualize	
  this,	
  
we	
  may	
  take	
  our	
  covariance	
  matrix,	
  and	
  normalize	
  each	
  covariance	
  by	
  the	
  variances	
  
of	
  the	
  two	
  observables.	
  This	
  way,	
  each	
  element	
  of	
  the	
  correlation	
  matrix	
  is	
  
normalized	
  within	
  the	
  change-­‐in-­‐energy	
  range	
  of	
  that	
  score	
  term	
  for	
  that	
  residue	
  
type.	
  This	
  allows	
  us	
  to	
  better	
  visualize	
  which	
  score	
  terms	
  are	
  varying	
  with	
  
RMSD/sequence	
  recovery.	
  This	
  heatmap	
  can	
  be	
  seen	
  in	
  Fig.	
  3C.	
  Now	
  we	
  can	
  see	
  that	
  
reductions	
  in	
  solvation,	
  the	
  atom-­‐pair	
  term,	
  and	
  hydrogen	
  bonding	
  are	
  also	
  making	
  
contributions	
  to	
  sequence	
  recovery	
  failure.	
  In	
  particular,	
  the	
  solvation	
  term	
  shows	
  a	
  
noticeable	
  covariance	
  and	
  strong	
  correlation	
  with	
  residues	
  D,	
  E,	
  N,	
  Q,	
  and	
  R.	
  To	
  get	
  a	
  
better	
  understanding	
  why,	
  it	
  is	
  useful	
  to	
  know	
  which	
  residue	
  types	
  are	
  mutating	
  
into	
  other	
  residue	
  types.	
  This	
  is	
  visualized	
  in	
  Fig.	
  3D,	
  where	
  each	
  element	
  the	
  
number	
  of	
  native	
  residue	
  types	
  (X-­‐axis)	
  that	
  mutated	
  into	
  another	
  residue	
  type	
  (Y-­‐
axis).	
  A	
  number	
  of	
  consistent	
  mutations	
  appear,	
  but	
  in	
  particular	
  there	
  exist	
  strong	
  
preferences	
  for	
  N-­‐>D	
  and	
  Q-­‐>E.	
  As	
  seen	
  in	
  Fig.	
  3A,	
  sequence	
  recovery	
  fared	
  
particularly	
  poorly	
  for	
  Asn	
  and	
  Gln	
  residues.	
  This	
  was	
  due	
  in	
  large	
  part	
  to	
  the	
  
predicted	
  solvation	
  free	
  energy	
  penalty	
  of	
  water	
  molecule	
  occlusion	
  by	
  other	
  
surrounding	
  residues	
  (solvation	
  score).	
  In	
  the	
  Lazaridis-­‐Karplus	
  solvation	
  model,	
  
each	
  atom	
  type	
  is	
  associated	
  with	
  a	
  parameter	
  controlling	
  the	
  energetic	
  effect	
  of	
  
complete	
  burial	
  (desolvation)	
  of	
  that	
  atom	
  type,	
  ΔGfree

solv .	
  In	
  Rosetta,	
  the	
  ΔGfree
solv 	
  

magnitudes	
  for	
  terminal	
  carboxamide	
  N	
  and	
  O	
  atoms	
  were	
  increased	
  over	
  those	
  
published	
  in	
  the	
  original	
  model.	
  This	
  was	
  done	
  to	
  compensate	
  for	
  erroneous	
  design	
  
of	
  Asn	
  and	
  Gln	
  residues	
  into	
  the	
  core	
  of	
  proteins	
  (Brian	
  Kuhlman,	
  personal	
  
communication).	
  Reversion	
  to	
  the	
  original	
  values	
  leads	
  to	
  drastic	
  improvement	
  in	
  
recovery	
  of	
  Asn	
  and	
  Gln	
  residues,	
  as	
  seen	
  in	
  Fig.	
  4A,	
  “score12+lk”.	
  However,	
  this	
  also	
  
has	
  the	
  effect	
  of	
  a	
  smaller	
  decrease	
  in	
  performance	
  for	
  some	
  hydrophobic	
  residues	
  
and	
  a	
  larger	
  problem	
  with	
  recovery	
  of	
  acidic	
  Asp	
  and	
  Glu.	
  Because	
  of	
  the	
  nature	
  of	
  
Rosetta’s	
  heuristically	
  motivated	
  score	
  function,	
  it	
  is	
  possible	
  to	
  address	
  these	
  new	
  
concerns,	
  not	
  by	
  compromising	
  on	
  the	
  solvation	
  ΔGfree

solv 	
  parameters,	
  but	
  by	
  
modifying	
  other	
  score	
  terms.	
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Figure	
  4.	
  Protein-­‐protein	
  interface	
  sequence	
  recovery	
  rates	
  for	
  score	
  function	
  
modifications.	
  (4A)	
  Sequence	
  recovery	
  rates	
  for	
  six	
  different	
  score	
  function	
  
modifications.	
  Residue-­‐residue	
  transition	
  probabilities	
  comparing	
  native	
  sequences	
  
to	
  design	
  sequences	
  for	
  the	
  original	
  score12	
  function	
  (4B)	
  show	
  substantial	
  
erroneous	
  mutations	
  of	
  hydrogen	
  bonding	
  residues,	
  whereas	
  the	
  modified	
  
score12+lk+1.6ionhb+optE	
  function	
  (4C)	
  shows	
  a	
  significant	
  reduction	
  in	
  these	
  
errors.	
  
	
  

	
  
Rosetta’s	
  standard	
  hydrogen	
  bonding	
  potential	
  rewards	
  polar	
  and	
  charged	
  

interactions	
  equally.	
  By	
  modifying	
  this	
  potential	
  to	
  preferentially	
  reward	
  polar-­‐
charged	
  and	
  charged-­‐charged	
  hydrogen	
  bonds,	
  it	
  is	
  possible	
  to	
  recover	
  accurate	
  
prediction	
  of	
  Asp	
  and	
  Glu	
  residues	
  (Fig.	
  4A,	
  “score12+lk+1.6ionhb”).	
  Unfortunately,	
  
upweighting	
  of	
  charged	
  hydrogen	
  bonds	
  further	
  decreased	
  performance	
  in	
  
predicting	
  hydrophobic	
  residues.	
  This	
  is	
  to	
  be	
  expected	
  because	
  of	
  the	
  way	
  in	
  which	
  
hydrogen	
  bonding	
  and	
  solvation	
  must	
  be	
  carefully	
  balanced	
  against	
  one	
  another.	
  At	
  
buried	
  residue	
  positions,	
  such	
  as	
  the	
  core	
  of	
  a	
  protein,	
  the	
  reward	
  for	
  creating	
  a	
  
hydrogen	
  bond	
  must	
  be	
  balanced	
  against	
  the	
  penalty	
  for	
  burying	
  it	
  away	
  from	
  
solvent.	
  By	
  raising	
  only	
  the	
  strength	
  of	
  hydrogen	
  bonds,	
  one	
  might	
  expect	
  erroneous	
  
prediction	
  of	
  buried	
  hydrogen	
  bonds	
  in	
  hydrophobic	
  areas.	
  This	
  is	
  exactly	
  what	
  is	
  
seen	
  in	
  Fig.	
  4B,	
  with	
  substantial	
  mutations	
  from	
  hydrophobic	
  residue	
  into	
  R,	
  Q,	
  and	
  
N.	
  To	
  correct	
  for	
  this,	
  we	
  may	
  raise	
  the	
  weight	
  of	
  the	
  solvation	
  term	
  to	
  further	
  
reward	
  buried	
  hydrophobic	
  residues.	
  The	
  solvation	
  weight	
  and	
  the	
  reference	
  
energies	
  were	
  optimized	
  simultaneously	
  using	
  optE	
  by	
  training	
  on	
  the	
  protein-­‐
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protein	
  interface	
  dataset.	
  As	
  expected,	
  the	
  solvation	
  weight	
  rose	
  from	
  0.65	
  to	
  0.76.	
  
Unfortunately,	
  reweighting	
  the	
  solvation	
  term	
  and	
  reference	
  energies	
  had	
  almost	
  no	
  
effect	
  on	
  overall	
  sequence	
  recovery,	
  which	
  remained	
  at	
  48%.	
  As	
  seen	
  in	
  Fig.	
  4A,	
  
“score12+lk+1.6ionhb+optE”	
  and	
  in	
  Fig.	
  4C,	
  increasing	
  the	
  strength	
  of	
  the	
  solvation	
  
term	
  reverts	
  almost	
  all	
  the	
  gains	
  that	
  were	
  recovered	
  in	
  changing	
  the	
  N	
  and	
  Q	
  
solvation	
  ΔGfree

solv 	
  parameters.	
  Perhaps	
  the	
  electrostatics	
  may	
  need	
  readjustment?	
  To	
  
explore	
  this,	
  optE	
  was	
  re-­‐run,	
  replacing	
  the	
  statistical	
  pair	
  term	
  with	
  a	
  more	
  
physical	
  Coulombic	
  electrostatic	
  term,	
  and	
  allowing	
  solvation,	
  hydrogen	
  bonding,	
  
and	
  electrostatics	
  to	
  all	
  vary	
  their	
  weights	
  in	
  a	
  concerted	
  manner.	
  This,	
  however,	
  
affected	
  sequence	
  recovery	
  very	
  little,	
  as	
  evidenced	
  in	
  Fig.	
  4A,	
  
“score12+lk+1.6ionhb+elec+optE”.	
  Interestingly,	
  during	
  weight	
  optimization	
  for	
  this	
  
final	
  weight	
  set,	
  the	
  hydrogen	
  bond	
  weight	
  decreased	
  from	
  1.1	
  to	
  0.46,	
  whereas	
  the	
  
electrostatics	
  term	
  increased	
  to	
  0.76,	
  indicating	
  that	
  ionically	
  strengthened	
  
hydrogen	
  bonds	
  may	
  better	
  be	
  taken	
  into	
  account	
  simply	
  with	
  an	
  electrostatics	
  
bonus.	
  	
  
	
  
Structural	
  Deviations	
  in	
  Designed	
  Ligand-­Binding	
  Proteins	
  and	
  Energetic	
  
Analysis	
  of	
  Crystal	
  Structures.	
  By	
  computing	
  the	
  geometrical	
  deviations	
  between	
  
computational	
  models	
  of	
  inactive	
  designs	
  and	
  their	
  actual	
  crystal	
  structure	
  
conformations,	
  we	
  may	
  evaluate	
  the	
  Rosetta	
  energy	
  function	
  in	
  the	
  context	
  of	
  non-­‐
natural	
  interfaces	
  and	
  quantify	
  the	
  relationship	
  between	
  sidechain	
  structure	
  
prediction	
  and	
  mutation-­‐driven	
  deviations	
  in	
  the	
  backbone	
  of	
  the	
  original	
  design	
  
template	
  protein.	
  Computational	
  models	
  used	
  for	
  the	
  design	
  of	
  18	
  non-­‐natural	
  
proteins	
  encompassing	
  varying	
  ligand-­‐binding	
  interfaces	
  were	
  compared	
  to	
  their	
  
associated	
  crystal	
  structures	
  to	
  explore	
  the	
  performance	
  of	
  current	
  design	
  
algorithms.	
  All	
  designs	
  were	
  generated	
  with	
  a	
  combination	
  of	
  previously-­‐described	
  
computational	
  protocols	
  and	
  manual	
  design	
  modifications	
  by	
  human	
  designers	
  
based	
  on	
  visual	
  inspection	
  and	
  physicochemical	
  intuition.	
  Rotamer	
  recovery	
  was	
  
calculated	
  by	
  residue	
  type	
  over	
  the	
  benchmark	
  set.	
  Hydrophobic	
  residues	
  such	
  as	
  V	
  
and	
  F	
  reached	
  the	
  highest	
  recovery	
  at	
  about	
  90%,	
  whereas	
  long	
  basic	
  residues	
  K	
  and	
  
R	
  reached	
  levels	
  of	
  only	
  30%	
  (Fig.	
  5A).	
  Longer	
  amino	
  acids	
  have	
  more	
  torsion	
  angles	
  
and	
  thus	
  more	
  degrees	
  of	
  freedom	
  and	
  exponentially	
  greater	
  possible	
  
conformations	
  to	
  adopt.	
  Recovery	
  of	
  indivual	
  chi	
  angles	
  decreases	
  with	
  successive	
  
torsions	
  away	
  from	
  the	
  main	
  chain,	
  as	
  do	
  the	
  polar/charged	
  amino	
  acids	
  on	
  account	
  
of	
  their	
  less	
  sterically	
  constrained,	
  more	
  solvent	
  accessible	
  local	
  environments	
  (Fig.	
  
5B).	
  Rotamer	
  recovery	
  was	
  significantly	
  higher	
  for	
  D	
  than	
  N,	
  despite	
  their	
  identical	
  
number	
  of	
  torsional	
  degrees	
  of	
  freedom;	
  similarly,	
  F	
  is	
  recovered	
  at	
  greater	
  rates	
  
than	
  Y.	
  	
  
	
   Failure	
  to	
  predict	
  sidechain	
  conformations	
  may	
  be	
  driven	
  by	
  structural	
  
deviations	
  in	
  the	
  protein	
  backbone,	
  a	
  factor	
  not	
  accounted	
  for	
  in	
  our	
  fixed-­‐backbone	
  
design	
  approach.	
  To	
  measure	
  this	
  effect,	
  we	
  compared	
  rotamer	
  recovery	
  summary	
  
statistics	
  with	
  whole-­‐structure	
  backbone	
  RMSD	
  to	
  the	
  crystal	
  structure.	
  As	
  expected,	
  
we	
  observe	
  a	
  negative	
  correlation;	
  rotamer	
  recovery	
  becomes	
  more	
  difficult	
  as	
  the	
  
actual	
  structure	
  of	
  the	
  main	
  chain	
  deviates	
  further	
  from	
  the	
  computational	
  design	
  
model	
  (Fig.	
  5C)	
  with	
  extremely	
  low	
  recovery	
  rates	
  for	
  deviations	
  greater	
  than	
  ~1Å	
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RMSD.	
  Methods	
  to	
  accurately	
  account	
  for	
  the	
  main	
  chain	
  effects	
  of	
  design	
  mutations	
  
in	
  concert	
  with	
  fixed-­‐backbone	
  design	
  simulations	
  will	
  be	
  necessary	
  to	
  more	
  
accurately	
  predict	
  the	
  energetic	
  consequences	
  of	
  mutations	
  to	
  the	
  sequence	
  of	
  
native	
  scaffolds	
  used	
  for	
  design	
  of	
  protein	
  with	
  non-­‐natural	
  functions.	
  
	
  
	
  

	
  
	
  
Figure	
  5.	
  Rotamer	
  recovery	
  over	
  a	
  set	
  of	
  computational	
  design/crystal	
  structure	
  
pairs.	
  (A)	
  Rotamer	
  recovery	
  over	
  the	
  set	
  of	
  18	
  structure	
  pairs	
  by	
  amino	
  acid.	
  (B)	
  χ	
  
angle	
  recovery	
  over	
  the	
  set,	
  with	
  higher	
  recovery	
  in	
  lighter	
  gray	
  and	
  lower	
  in	
  darker	
  
gray,	
  as	
  indicated	
  in	
  the	
  legend.	
  (C)	
  Rotamer	
  recovery	
  over	
  each	
  pair	
  vs.	
  Cα	
  RMSD	
  	
  
shows	
  lower	
  recovery	
  over	
  1	
  Å	
  RMSD.	
  	
  
	
  
	
  

	
  
Discussion	
  
	
  
Benchmark	
  sets	
  for	
  design	
  must	
  include	
  specificity	
  data	
  or	
  functional	
  context.	
  
Development	
  of	
  the	
  Rosetta	
  score	
  function	
  has	
  been	
  focused	
  primarily	
  on	
  protein	
  
folding	
  and	
  sequence	
  recovery	
  in	
  monomeric	
  proteins.	
  Protein	
  folding	
  is	
  primarily	
  
driven	
  by	
  packing	
  of	
  hydrophobic	
  residues,	
  as	
  these	
  residues	
  are	
  under	
  much	
  more	
  
steric	
  constraint,	
  whereas	
  hydrophilic	
  residues	
  on	
  the	
  surface	
  primarily	
  point	
  out	
  
into	
  solvent,	
  and	
  surface	
  residues	
  are	
  generally	
  conserved	
  more	
  for	
  functional	
  
reasons	
  than	
  structural	
  reasons11.	
  Accordingly,	
  whole-­‐protein	
  design	
  typically	
  fares	
  
much	
  better	
  for	
  residues	
  in	
  the	
  core	
  for	
  most	
  sequence	
  design	
  methodologies12,13.	
  
However,	
  many	
  of	
  the	
  practical	
  applications	
  of	
  protein	
  design	
  (ligand	
  binding,	
  
protein-­‐DNA	
  interactions,	
  protein-­‐protein	
  interactions,	
  enzyme	
  design)	
  require	
  
accurate	
  modeling	
  of	
  electrostatic	
  interactions	
  of	
  residues	
  on	
  the	
  surface,	
  a	
  factor	
  
that	
  has	
  been	
  overshadowed	
  in	
  the	
  evolution	
  of	
  the	
  Rosetta	
  sore	
  function.	
  Though	
  it	
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is	
  known	
  that	
  protein	
  interfaces	
  are	
  often	
  not	
  optimized	
  for	
  affinity,	
  but	
  for	
  
specificity	
  as	
  well14,	
  sequence	
  conservation	
  at	
  protein	
  interfaces	
  in	
  general	
  is	
  
expected	
  to	
  be	
  greater	
  than	
  that	
  of	
  typical	
  non-­‐interface	
  protein	
  surfaces.	
  By	
  testing	
  
design	
  in	
  the	
  context	
  of	
  the	
  interface	
  partner,	
  it	
  may	
  be	
  possible	
  to	
  develop	
  a	
  greater	
  
understanding	
  and	
  ability	
  to	
  predict	
  the	
  energetics	
  of	
  electrostatically	
  driven	
  
interactions.	
  This	
  is	
  the	
  reason	
  that	
  development	
  thus	
  far	
  has	
  focused	
  on	
  protein	
  
interfaces.	
  Ideally,	
  one	
  would	
  hope	
  to	
  gauge	
  success	
  of	
  sequence	
  design	
  using	
  actual	
  
specificity	
  data:	
  for	
  which	
  residues	
  does	
  successful	
  recovery	
  matter,	
  and	
  for	
  which	
  
might	
  failure	
  be	
  irrelevant?	
  It	
  will	
  be	
  difficult	
  to	
  substantially	
  improve	
  the	
  score	
  
function	
  for	
  design	
  treating	
  all	
  residue	
  positions	
  as	
  equally	
  important	
  when	
  some	
  
are	
  in	
  fact	
  quite	
  variable.	
  Further	
  work	
  will	
  incorporate	
  development	
  of	
  acquisition	
  
of	
  such	
  benchmark	
  data.	
  
	
  
Reference	
  state	
  energies	
  may	
  need	
  to	
  be	
  precomputed	
  explicitly.	
  For	
  design	
  
calculations,	
  it	
  is	
  essential	
  that	
  one	
  estimate	
  the	
  energy	
  of	
  the	
  reference	
  state.	
  For	
  
monomeric	
  protein	
  design,	
  the	
  reference	
  state	
  corresponds	
  to	
  the	
  unfolded	
  state	
  
ensemble,	
  whereas,	
  for	
  protein-­‐protein	
  interface	
  design,	
  this	
  corresponds	
  to	
  the	
  
unbound	
  form	
  of	
  the	
  protein.	
  This	
  is	
  the	
  reason	
  why	
  I	
  have	
  thus	
  far	
  focused	
  
primarily	
  on	
  protein-­‐protein	
  interfaces;	
  for	
  every	
  single	
  complex	
  in	
  the	
  protein	
  
interface	
  design	
  benchmark,	
  crystal	
  structures	
  exist	
  the	
  unbound	
  forms	
  of	
  both	
  
proteins.	
  Future	
  work	
  will	
  allow	
  more	
  explicit	
  modeling	
  of	
  the	
  reference	
  state	
  for	
  
multistate	
  design	
  calculations,	
  thus	
  avoiding	
  the	
  problem	
  of	
  reference	
  energy	
  
calibration	
  for	
  modification	
  of	
  other	
  score	
  terms,	
  making	
  evaluation	
  of	
  score	
  
function	
  improvements	
  much	
  easier	
  to	
  accomplish.	
  
	
   How	
  might	
  the	
  reference	
  state	
  problem	
  be	
  addressed	
  more	
  generally?	
  
Currently,	
  the	
  reference	
  energies	
  are	
  simply	
  calibrated	
  on	
  design	
  benchmarks	
  to	
  
optimize	
  sequence	
  recovery.	
  This	
  is	
  not	
  actually	
  a	
  reference	
  energy:	
  it	
  is	
  a	
  slack	
  
variable,	
  and	
  the	
  belief	
  that	
  it	
  reflects	
  only	
  the	
  reference	
  state	
  energy	
  must	
  be	
  
predicated	
  on	
  the	
  belief	
  that	
  the	
  reference	
  state	
  energy	
  is	
  the	
  only	
  energetic	
  
phenomena	
  that	
  has	
  not	
  been	
  accounted	
  for.	
  Additionally,	
  reference	
  state	
  energy	
  
calibrations	
  can	
  vary	
  wildly	
  with	
  choice	
  of	
  dataset,	
  and	
  are	
  very	
  costly.	
  It	
  would	
  be	
  
more	
  ideal	
  to	
  precompute	
  the	
  reference	
  state	
  energies	
  directly.	
  In	
  the	
  protein	
  design	
  
package	
  DESIGNER12,	
  Jaramillo	
  et	
  al.	
  precompute	
  the	
  reference	
  energy	
  for	
  each	
  
residue	
  type	
  by	
  taking	
  a	
  Boltzmann	
  average	
  over	
  all	
  sidechain	
  rotamer	
  degrees	
  of	
  
freedom	
  of	
  a	
  single	
  amino	
  acid	
  with	
  ideal	
  propensity	
  phi/psi	
  angles.	
  This	
  allows	
  
them	
  to	
  simply	
  recomputed	
  these	
  energies	
  when	
  score	
  terms	
  are	
  added	
  or	
  modified,	
  
rather	
  than	
  fitting	
  20	
  free	
  parameters	
  on	
  an	
  arbitrary	
  dataset	
  every	
  time.	
  Ron	
  Jarnak	
  
has	
  attempted	
  calculation	
  of	
  an	
  explicit	
  unfolded	
  state	
  energy	
  in	
  Rosetta	
  by	
  
averaging	
  energies	
  of	
  each	
  residue	
  type	
  over	
  a	
  large	
  set	
  of	
  protein	
  fragments	
  from	
  
the	
  PDB,	
  and	
  has	
  met	
  with	
  substantial	
  success,	
  but	
  not	
  quite	
  to	
  the	
  level	
  of	
  the	
  
current	
  reference	
  energy	
  fitting	
  methodology	
  (personal	
  communication).	
  This	
  is	
  
because	
  he	
  failed	
  to	
  re-­‐fit	
  the	
  reference	
  energies	
  with	
  the	
  inclusion	
  of	
  the	
  unfolded	
  
state	
  energies;	
  introduction	
  of	
  20	
  free	
  parameters	
  will	
  always	
  improve	
  a	
  model,	
  but,	
  
if	
  the	
  magnitude	
  of	
  these	
  corrections	
  became	
  smaller,	
  one	
  might	
  be	
  led	
  to	
  believe	
  
that	
  the	
  unfolded	
  state	
  energy	
  was,	
  by	
  some	
  estimation,	
  being	
  properly	
  accounted	
  
for.	
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It	
  may	
  be	
  necessary	
  to	
  estimate	
  conformational	
  entropy.	
  The	
  “folded	
  state”	
  
exists	
  in	
  the	
  realm	
  of	
  thermodynamic	
  systems.	
  There	
  are	
  some	
  number	
  of	
  actual	
  
physical	
  microstates	
  that	
  correspond	
  to	
  the	
  “folded”	
  macrostate.	
  How	
  we	
  choose	
  to	
  
define	
  the	
  “folded	
  state”	
  has	
  a	
  direct	
  impact	
  on	
  the	
  folding	
  free	
  energy	
  of	
  a	
  protein.	
  
Thermodynamic	
  system	
  are	
  not	
  physical	
  systems.	
  A	
  crystal	
  structure	
  exists	
  in	
  the	
  
realm	
  of	
  physical	
  systems;	
  it	
  corresponds	
  to	
  one	
  and	
  only	
  one	
  microstate,	
  that	
  is,	
  the	
  
3-­‐D	
  coordinates	
  of	
  each	
  atom.	
  The	
  Rosetta	
  score	
  function	
  is	
  calibrated	
  to	
  estimate	
  
free	
  energies.	
  How	
  is	
  this	
  distinct	
  from	
  estimating	
  enthalpies?	
  The	
  free	
  energy	
  
should	
  include	
  an	
  entropic	
  correction	
  to	
  the	
  enthalpy,	
  because	
  lower-­‐enthalpy	
  
states	
  may	
  actually	
  be	
  unlikely	
  to	
  happen	
  because	
  of	
  a	
  greater	
  entropic	
  penalty.	
  
What	
  is	
  the	
  change	
  in	
  the	
  number	
  of	
  states	
  in	
  going	
  from	
  the	
  unfolded	
  to	
  folded	
  
state?	
  For	
  an	
  atomistic	
  model,	
  the	
  entropy	
  of	
  the	
  protein	
  is	
  always	
  zero;	
  it	
  
corresponds	
  to	
  exactly	
  one	
  microstate,	
  that	
  is,	
  the	
  coordinates	
  of	
  every	
  atom.	
  Thus,	
  
the	
  folded	
  state	
  in	
  Rosetta	
  corresponds	
  to	
  exactly	
  one	
  protein	
  microstate	
  plus	
  all	
  the	
  
solvent	
  microstates	
  compatible	
  with	
  this	
  structure.	
  Conceptually,	
  we	
  are	
  assuming	
  a	
  
protein	
  near	
  0°	
  K	
  but	
  water	
  at	
  298°	
  K	
  when	
  we	
  attempt	
  to	
  represent	
  the	
  folding	
  free	
  
energy	
  using	
  only	
  one	
  structure.	
  Why	
  then,	
  does	
  the	
  Rosetta	
  score	
  function	
  appear	
  
to	
  work	
  fairly	
  well	
  for	
  many	
  protein	
  folding	
  applications?	
  This	
  is	
  because	
  success	
  of	
  
the	
  score	
  function	
  is	
  gauged	
  primarily	
  upon	
  recapitulation	
  of	
  features	
  and	
  
structures	
  seen	
  in	
  high-­‐resolution	
  crystal	
  structures.	
  It	
  is	
  a	
  central	
  dogma	
  of	
  
structural	
  biology	
  that	
  a	
  crystal	
  structure	
  well	
  represents	
  the	
  conformation	
  of	
  a	
  
protein	
  at	
  its	
  global	
  free	
  energy	
  minimum.	
  The	
  entropy	
  of	
  a	
  perfect	
  crystal	
  lattice	
  is	
  
0;	
  conceptually,	
  the	
  “effective	
  temperature”	
  of	
  a	
  crystal	
  structure	
  approaches	
  0°	
  K.	
  
Thus,	
  it	
  is	
  no	
  surprise	
  that	
  the	
  low-­‐temperature	
  approximation	
  in	
  Rosetta	
  
recapitulates	
  structures	
  and	
  distributions	
  of	
  features	
  in	
  crystal	
  structures.	
  However,	
  
problems	
  may	
  occur	
  when	
  functional	
  concerns	
  become	
  our	
  criteria	
  for	
  success,	
  
specifically	
  in	
  design	
  problems	
  where	
  success	
  is	
  gauged	
  by	
  whether	
  the	
  design	
  
performs	
  some	
  function	
  at	
  room	
  temperature,	
  where	
  the	
  effects	
  of	
  conformational	
  
entropy	
  may	
  be	
  more	
  pronounced.	
  
	
   How	
  might	
  one	
  estimate	
  conformational	
  entropy?	
  Xiang	
  et	
  al.	
  have	
  developed	
  
a	
  method	
  for	
  estimating	
  sidechain	
  conformational	
  entropy	
  using	
  the	
  colony	
  free	
  
energy,	
  and	
  were	
  able	
  to	
  substantially	
  increase	
  rotamer	
  recovery	
  in	
  monomeric	
  
proteins15.	
  The	
  same	
  group	
  also	
  found	
  improvements	
  in	
  loop	
  prediction	
  by	
  adding	
  
to	
  the	
  force	
  field	
  a	
  term	
  that	
  rewards	
  structures	
  with	
  a	
  low	
  RMSD	
  to	
  other	
  sampled	
  
structures16,	
  thus	
  biasing	
  predictions	
  to	
  structures	
  with	
  wider	
  energy	
  basins.	
  
Alternatively,	
  one	
  might	
  imagine	
  a	
  MC/MD	
  short	
  simulation	
  around	
  the	
  
structure/sequence	
  of	
  interest	
  and	
  Boltzmann	
  averaging	
  all	
  the	
  structures	
  deemed	
  
to	
  fall	
  within	
  a	
  certain	
  radius	
  of	
  this	
  structure.	
  One	
  could	
  also	
  attempt	
  to	
  estimate	
  
the	
  degree	
  of	
  “flexibility”	
  of	
  a	
  given	
  conformation	
  or	
  sequence.	
  For	
  instance,	
  if	
  a	
  
given	
  loop	
  design	
  was	
  found	
  to	
  contact	
  a	
  ligand	
  in	
  a	
  greater	
  variety	
  of	
  distinct	
  
conformations	
  in	
  a	
  short	
  simulation,	
  it	
  could	
  be	
  given	
  an	
  entropic	
  bonus	
  to	
  its	
  total	
  
score.	
  Kellogg	
  and	
  others	
  have	
  already	
  developed	
  tools	
  in	
  Rosetta	
  for	
  unbiased	
  
Monte	
  Carlo	
  sampling	
  (unpublished)	
  which	
  can	
  be	
  used	
  for	
  generation	
  of	
  ensembles	
  
in	
  the	
  neighborhood	
  of	
  a	
  target	
  structure.	
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  4	
  
	
   	
  
Removing	
  T	
  cell	
  Epitopes	
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  Computational	
  
Protein	
  Design	
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Abstract:	
  

Immune	
  responses	
  can	
  make	
  protein	
  therapeutics	
  ineffective	
  or	
  even	
  dangerous.	
  
We	
  describe	
  a	
  general	
  computational	
  protein	
  design	
  method	
  for	
  reducing	
  
immunogenicity	
  by	
  eliminating	
  known	
  and	
  predicted	
  T	
  cell	
  epitopes	
  and	
  
maximizing	
  the	
  content	
  of	
  human	
  peptide	
  sequences	
  without	
  disrupting	
  protein	
  
structure	
  and	
  function.	
  	
  We	
  show	
  that	
  the	
  method	
  recapitulates	
  previous	
  
experimental	
  results	
  on	
  immunogenicity	
  reduction,	
  and	
  use	
  it	
  to	
  disrupt	
  T	
  cell	
  
epitopes	
  in	
  GFP	
  and	
  Pseudomonas	
  exotoxin	
  A	
  without	
  disrupting	
  function.	
  
	
  
Introduction	
  

Immunogenicity	
  is	
  a	
  major	
  problem	
  in	
  the	
  development	
  of	
  protein	
  therapeutics.	
  
Repeated	
  administration	
  of	
  a	
  protein	
  therapeutic	
  can	
  lead	
  to	
  B	
  cell	
  activation	
  and	
  
production	
  of	
  antibodies	
  rendering	
  the	
  therapeutic	
  clinically	
  ineffective	
  or	
  cross-­‐
reacting	
  with	
  host	
  proteins	
  (3).	
  Affinity-­‐maturation	
  of	
  antibody-­‐producing	
  memory	
  
B	
  cells	
  is	
  initiated	
  by	
  T	
  cell	
  recognition	
  of	
  peptide	
  epitopes	
  displayed	
  on	
  MHC	
  class	
  II	
  
(MHCII)	
  proteins	
  on	
  the	
  surface	
  of	
  mature	
  antigen-­‐presenting	
  cells.	
  Immunogenicity	
  
may	
  be	
  reduced	
  by	
  eliminating	
  known	
  T	
  cell	
  epitopes	
  from	
  the	
  protein	
  sequence	
  
and/or	
  increasing	
  the	
  prevalence	
  of	
  sequences	
  already	
  found	
  in	
  the	
  host	
  genome	
  to	
  
which	
  T	
  cells	
  would	
  already	
  be	
  tolerant,	
  an	
  approach	
  that	
  has	
  met	
  with	
  substantial	
  
clinical	
  success	
  in	
  the	
  humanization	
  of	
  recombinant	
  antibodies	
  (4).	
  However,	
  unlike	
  
antibodies,	
  which	
  have	
  been	
  extensively	
  characterized,	
  the	
  mutational	
  tolerance	
  of	
  
most	
  proteins	
  is	
  generally	
  not	
  known,	
  and	
  hence	
  the	
  extension	
  of	
  this	
  approach	
  to	
  
proteins	
  of	
  arbitrary	
  structure	
  and	
  function	
  remains	
  a	
  major	
  challenge.	
  
Deimmunization	
  efforts	
  have	
  relied	
  for	
  the	
  most	
  part	
  on	
  experimental	
  
characterization	
  of	
  a	
  large	
  number	
  of	
  point	
  mutants	
  followed	
  by	
  combination	
  of	
  
individual	
  mutations	
  (2,	
  5).	
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To	
  reduce	
  or	
  eliminate	
  immunogenicity,	
  it	
  would	
  be	
  desirable	
  to	
  have	
  a	
  method	
  
that	
  eliminates	
  MHCII-­‐binding	
  epitopes	
  and	
  increases	
  host	
  sequence	
  content	
  
without	
  disrupting	
  interactions	
  essential	
  for	
  proper	
  folding	
  and	
  function.	
  The	
  
peptide-­‐binding	
  repertoire	
  of	
  many	
  MHCII	
  alleles	
  has	
  been	
  extensively	
  
characterized	
  (6),	
  and	
  a	
  number	
  of	
  methods	
  have	
  been	
  developed	
  for	
  predicting	
  the	
  
affinity	
  of	
  novel	
  peptides	
  for	
  a	
  given	
  MHCII	
  (7).	
  Coupling	
  of	
  epitope	
  prediction	
  
methods	
  with	
  methods	
  for	
  predicting	
  the	
  structural	
  and	
  functional	
  consequences	
  of	
  
mutations	
  offers	
  the	
  possibility	
  of	
  reducing	
  the	
  immunogenicity	
  of	
  a	
  target	
  protein	
  
without	
  disrupting	
  structure	
  and	
  function.	
  Epitope	
  prediction	
  methods,	
  homolog	
  
substitution	
  matrices,	
  and	
  structural	
  stability	
  calculations	
  have	
  been	
  combined	
  to	
  
predict	
  optimal	
  epitope-­‐eliminating	
  mutations	
  (8,	
  9).	
  Epitope	
  prediction	
  methods	
  
have	
  been	
  integrated	
  with	
  structure-­‐based	
  protein	
  design	
  (10)	
  by	
  combining	
  the	
  
9mer	
  epitope	
  PROPRED	
  matrices	
  with	
  protein	
  design	
  of	
  all	
  residues	
  in	
  a	
  flexible	
  
backbone	
  method	
  that	
  allows	
  substantial	
  redesign	
  of	
  protein	
  cores.	
  The	
  combined	
  
method	
  was	
  able	
  to	
  eliminate	
  epitope-­‐like	
  sequences	
  while	
  maintaining	
  native-­‐like	
  
values	
  for	
  a	
  number	
  of	
  predicted	
  protein	
  stability	
  metrics,	
  but	
  folding,	
  function,	
  and	
  
immunogenicity	
  were	
  not	
  evaluated	
  experimentally.	
  

	
  
Here,	
  we	
  describe	
  the	
  integration	
  of	
  the	
  Rosetta	
  computational	
  protein	
  design	
  

method	
  with	
  experimental	
  immunogenic	
  epitope	
  data,	
  MHC	
  epitope	
  prediction	
  
tools,	
  and	
  host	
  genomic	
  data	
  to	
  enable	
  the	
  design	
  of	
  proteins	
  with	
  reduced	
  
immunogenicity	
  while	
  retaining	
  function	
  and	
  stability.	
  Our	
  approach	
  goes	
  beyond	
  
PROPRED	
  by	
  implementing	
  a	
  more	
  accurate	
  machine-­‐learning	
  based	
  epitope	
  
prediction	
  method	
  for	
  28	
  different	
  H-­‐2,	
  HLA-­‐DR,	
  and	
  HLA-­‐DQ	
  alleles,	
  restricts	
  
design	
  to	
  select	
  15mer	
  epitope	
  regions,	
  and	
  utilizes	
  a	
  greedy	
  stepwise	
  protein	
  
design	
  algorithm	
  (11)	
  to	
  eliminate	
  the	
  most	
  immunogenic	
  epitopes	
  with	
  as	
  few	
  
mutations	
  as	
  possible,	
  avoiding	
  disruptive	
  core	
  mutations	
  likely	
  to	
  destabilize	
  the	
  
protein.	
  We	
  compare	
  the	
  performance	
  of	
  our	
  epitope	
  predictor	
  to	
  PROPRED	
  and	
  
another	
  leading	
  epitope	
  prediction	
  method	
  for	
  thirteen	
  different	
  human	
  and	
  mouse	
  
MHC	
  alleles,	
  demonstrate	
  the	
  effectiveness	
  and	
  generality	
  of	
  the	
  method	
  with	
  in	
  
silico	
  tests	
  on	
  previously	
  characterized	
  deimmunized	
  protein	
  targets,	
  and	
  show	
  
experimentally,	
  for	
  GFP	
  in	
  mice	
  and	
  Pseudomonas	
  exotoxin	
  A	
  in	
  humans,	
  that	
  the	
  
method	
  eliminates	
  T	
  cell	
  epitopes	
  without	
  disrupting	
  function.	
  
	
  
Results	
  

Overview	
  of	
  computational	
  method.	
  For	
  a	
  given	
  target	
  protein	
  and	
  set	
  of	
  
host	
  MHC	
  alleles,	
  potential	
  T	
  cell	
  epitopes	
  are	
  first	
  identified	
  using	
  a	
  support	
  vector	
  
machine	
  (SVM).	
  These	
  regions	
  are	
  then	
  optimized	
  to	
  eliminate	
  the	
  T	
  cell	
  epitopes	
  
while	
  retaining	
  structure	
  and	
  function	
  using	
  an	
  extension	
  of	
  the	
  Rosetta	
  all-­‐atom	
  
protein	
  design	
  methodology	
  with	
  modifications	
  to	
  both	
  the	
  energy	
  function	
  used	
  in	
  
the	
  design	
  calculations	
  and	
  the	
  optimization	
  procedure.	
  
	
  	
  	
   The	
  energy	
  function	
  used	
  in	
  the	
  sequence	
  optimization	
  is	
  supplemented	
  with	
  
two	
  terms	
  that	
  incorporate	
  immunologically	
  relevant	
  data.	
  The	
  first	
  term	
  calculates	
  
predicted	
  epitope	
  content	
  using	
  support	
  vector	
  machines	
  (SVMs)	
  trained	
  with	
  
experimentally	
  determined	
  peptide-­‐MHC	
  binding	
  data.	
  Scores	
  from	
  SVMs	
  for	
  each	
  
MHC	
  allele	
  in	
  each	
  15mer	
  sequence	
  frame	
  are	
  averaged,	
  then	
  summed	
  over	
  each	
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frame.	
  The	
  second	
  term	
  utilizes	
  known	
  host	
  genome	
  9mer	
  data	
  and	
  known	
  epitope	
  
data,	
  rewarding	
  each	
  host	
  9mer	
  in	
  proportion	
  to	
  its	
  frequency	
  of	
  occurrence	
  in	
  the	
  
host	
  genome,	
  and	
  penalizing	
  known	
  epitopes.	
  Both	
  deimmunization	
  scores	
  favor	
  
negatively	
  charged	
  residues	
  on	
  the	
  surface	
  of	
  the	
  protein,	
  hence	
  we	
  also	
  introduce	
  a	
  
net	
  charge	
  constraint	
  into	
  the	
  total	
  objective	
  function,	
  penalizing	
  deviations	
  from	
  
the	
  input	
  protein	
  formal	
  charge.	
  By	
  weighting	
  this	
  term	
  appropriately	
  against	
  the	
  
deimmunization	
  terms,	
  negatively	
  charged	
  residues	
  may	
  be	
  placed	
  at	
  critical	
  
epitope-­‐disrupting	
  surface	
  positions	
  while	
  compensatory	
  positively	
  charged	
  
residues	
  are	
  introduced	
  at	
  other	
  positions.	
  

Sequence	
  optimization	
  is	
  carried	
  out	
  using	
  a	
  protocol	
  that	
  focuses	
  on	
  
solutions	
  that	
  reduce	
  the	
  energy	
  with	
  a	
  relatively	
  small	
  number	
  of	
  mutations	
  and	
  
allows	
  use	
  of	
  computationally	
  expensive	
  objective	
  functions	
  in	
  design	
  calculations	
  
that	
  otherwise	
  might	
  be	
  unacceptably	
  slow.	
  	
  The	
  energies	
  of	
  all	
  point	
  mutants	
  at	
  
each	
  design	
  position	
  are	
  first	
  computed	
  and	
  then	
  sorted.	
  At	
  each	
  position,	
  all	
  point	
  
mutants	
  within	
  a	
  certain	
  threshold	
  of	
  the	
  lowest	
  energy	
  mutant	
  are	
  saved	
  for	
  
subsequent	
  combination.	
  These	
  lowest	
  energy	
  point	
  mutations	
  are	
  then	
  combined	
  
using	
  a	
  greedy	
  stepwise,	
  steepest	
  descent	
  heuristic	
  (see	
  Methods),	
  allowing	
  for	
  
structural	
  relaxation	
  at	
  each	
  step,	
  until	
  mutations	
  have	
  been	
  attempted	
  at	
  all	
  design	
  
positions.	
  Multiple,	
  diverse	
  near-­‐optimal	
  designs	
  can	
  be	
  generated	
  in	
  parallel	
  by	
  
stochastically	
  accepting	
  the	
  placement	
  of	
  near-­‐optimal	
  mutations	
  during	
  the	
  
combination	
  process.	
  
	
  
T	
  cell	
  Epitope	
  Prediction.	
  We	
  initially	
  trained	
  our	
  SVMs	
  on	
  experimentally	
  
measured	
  MHC	
  binding	
  affinities	
  for	
  26	
  allelic	
  variants	
  (12).	
  For	
  each	
  MHC	
  allele	
  
type	
  represented	
  in	
  the	
  training	
  set,	
  we	
  collected	
  all	
  epitope	
  sequences	
  from	
  the	
  
Immune	
  Epitope	
  Database	
  (IEDB)	
  known	
  to	
  elicit	
  T	
  cell	
  activation	
  (6).	
  We	
  restricted	
  
further	
  analysis	
  to	
  alleles	
  with	
  at	
  least	
  25	
  known	
  T	
  cell	
  epitopes	
  in	
  the	
  IEDB.	
  In	
  the	
  
absence	
  of	
  sufficient	
  data	
  on	
  non-­‐binding	
  peptides	
  for	
  each	
  allele,	
  we	
  assumed	
  that	
  
most	
  15mers	
  in	
  the	
  host	
  genome	
  would	
  not	
  constitute	
  strong	
  MHC	
  binders,	
  and	
  
generated	
  negative	
  data	
  sets	
  by	
  randomly	
  choosing	
  1,000	
  15mers	
  from	
  the	
  human	
  
genome	
  (13).	
  We	
  compared	
  our	
  SVM-­‐based	
  epitope	
  predictions	
  to	
  those	
  of	
  previous	
  
methods	
  using	
  a	
  subset	
  of	
  T	
  cell	
  epitopes	
  withheld	
  from	
  initial	
  training.	
  Sensitivity	
  
and	
  specificity	
  were	
  evaluated	
  over	
  all	
  alleles	
  for	
  our	
  method,	
  NetMHCII-­‐v2.2	
  (14),	
  
and	
  PROPRED	
  (15),	
  and	
  predictive	
  performance	
  was	
  evaluated	
  by	
  calculating	
  the	
  
area	
  under	
  the	
  ROC	
  curve	
  (AUC)	
  for	
  each	
  allele	
  type	
  both	
  independently	
  and	
  over	
  
the	
  entire	
  set.	
  Since	
  PROPRED	
  contains	
  only	
  matrices	
  for	
  DRB	
  alleles,	
  we	
  combined	
  
testing	
  data	
  for	
  the	
  eight	
  DRB	
  alleles	
  covered	
  by	
  all	
  three	
  methods	
  and	
  generated	
  a	
  
standard	
  ROC	
  plot	
  (Fig.	
  1A).	
  The	
  highest	
  AUC	
  was	
  achieved	
  by	
  NetMHCII	
  (AUC:	
  
0.759).	
  Rosetta	
  performed	
  comparably	
  but	
  slightly	
  worse	
  (AUC:	
  0.752),	
  while	
  
PROPRED	
  achieved	
  significantly	
  lower	
  prediction	
  accuracy	
  (AUC:	
  0.710).	
  Because	
  
more	
  T	
  cell	
  epitopes	
  have	
  been	
  characterized	
  for	
  some	
  alleles	
  in	
  the	
  test	
  set,	
  
combining	
  all	
  testing	
  data	
  weights	
  performance	
  analysis	
  toward	
  alleles	
  with	
  more	
  
data	
  points.	
  If	
  we	
  average	
  AUCs	
  with	
  equal	
  weight	
  over	
  the	
  shared	
  DRB	
  allele	
  set,	
  
again,	
  NetMHCII	
  performs	
  best	
  (AUC:	
  0.792),	
  with	
  Rosetta	
  slightly	
  lower	
  (AUC:	
  
0.785)	
  and	
  PROPRED	
  lower	
  still	
  (AUC:	
  0.771)	
  (Fig.	
  1B).	
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Figure	
  1.	
  Performance	
  of	
  Rosetta	
  SVM	
  T	
  cell	
  epitope	
  prediction.	
  A)	
  ROC	
  curve	
  true	
  positive	
  rate	
  vs.	
  
false	
  positive	
  rate)	
  for	
  all	
  testing	
  data	
  and	
  comparison	
  with	
  current	
  methods.	
  Total	
  Area	
  Under	
  Curve	
  
(AUC)	
  is	
  listed	
  for	
  each	
  method.	
  B)	
  Predictive	
  performance	
  over	
  each	
  allele	
  test	
  set.	
  X-­‐axis:	
  Rosetta	
  
AUC,	
  Y-­‐axis:	
  other	
  method	
  AUC.	
  Points	
  below	
  the	
  1:1	
  dotted	
  line	
  indicate	
  where	
  Rosetta	
  performs	
  
better	
  than	
  other	
  methods	
  
	
  
	
  
Large-­scale	
  benchmarking	
  and	
  calibration	
  of	
  design	
  method.	
  We	
  first	
  tested	
  the	
  
ability	
  of	
  the	
  method	
  to	
  eliminate	
  putative	
  human	
  T	
  cell	
  epitopes	
  from	
  eight	
  
proteins	
  from	
  pathogenic	
  organisms	
  that	
  contain	
  known	
  MHC-­‐binding	
  epitopes.	
  The	
  
computational	
  design	
  protocol	
  was	
  used	
  to	
  simultaneously	
  eliminate	
  all	
  predicted	
  
epitopes	
  for	
  eight	
  representative	
  human	
  DRB1	
  alleles	
  (Text	
  S1),	
  collectively	
  
covering	
  almost	
  95%	
  of	
  the	
  human	
  population	
  (16).	
  To	
  evaluate	
  the	
  tradeoff	
  
between	
  epitope	
  removal	
  and	
  protein	
  stability,	
  multiple	
  design	
  simulations	
  were	
  
carried	
  out	
  with	
  an	
  increasing	
  weight	
  on	
  the	
  SVM-­‐based	
  epitope	
  scoring	
  term.	
  
Increasing	
  the	
  weight	
  on	
  this	
  term	
  decreases	
  the	
  number	
  of	
  MHCII	
  predicted	
  
epitopes	
  and	
  increases	
  the	
  Rosetta	
  energy	
  (Fig.	
  2A).	
  	
  

Because	
  amino	
  acid	
  substitutions	
  predicted	
  to	
  disrupt	
  peptide-­‐MHC	
  binding	
  
might	
  destabilize	
  the	
  overall	
  protein,	
  a	
  balance	
  between	
  the	
  stability	
  of	
  the	
  protein	
  
and	
  disruption	
  of	
  possible	
  MHC	
  binding	
  must	
  be	
  sought.	
  A	
  weight	
  on	
  the	
  epitope	
  
scoring	
  term	
  of	
  2.0	
  eliminates	
  79%	
  of	
  the	
  predicted	
  epitopes	
  and	
  84%	
  of	
  the	
  known	
  
epitopes	
  without	
  increasing	
  Rosetta	
  energy	
  above	
  that	
  of	
  the	
  native	
  protein	
  (Table	
  
S1).	
  Because	
  sequence	
  changes	
  are	
  permitted	
  only	
  at	
  critical	
  predicted	
  epitope	
  
positions,	
  the	
  number	
  of	
  mutations	
  is	
  minimized,	
  thus	
  allowing	
  for	
  substantial	
  
reduction	
  in	
  predicted	
  immunogenicity	
  while	
  maintaining	
  average	
  sequence	
  
identity	
  at	
  66%.	
  Similar	
  calculations	
  were	
  carried	
  out	
  varying	
  the	
  weight	
  of	
  the	
  term	
  
favoring	
  9mer	
  sequences	
  found	
  in	
  the	
  human	
  genome	
  (Fig.	
  2B).	
  	
  As	
  the	
  weight	
  
increases,	
  the	
  average	
  number	
  of	
  human	
  genome	
  9mers	
  over	
  the	
  designed	
  regions	
  
increases	
  and	
  the	
  Rosetta	
  energy	
  becomes	
  more	
  unfavorable.	
  	
  At	
  a	
  weight	
  of	
  3.5,	
  
human	
  9mer	
  sequences	
  increase	
  from	
  0%	
  to	
  4.3%	
  of	
  redesigned	
  epitopes	
  while	
  the	
  
average	
  Rosetta	
  energy	
  increases	
  only	
  10%	
  over	
  baseline.	
  These	
  weights	
  were	
  used	
  
for	
  the	
  remainder	
  of	
  this	
  work	
  unless	
  otherwise	
  noted	
  in	
  the	
  Methods.	
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Figure	
  2.	
  Tradeoffs	
  between	
  Rosetta	
  energy	
  and	
  extent	
  of	
  deimmunization.	
  Rosetta	
  energy	
  (open	
  
squares)	
  of	
  redesigned	
  proteins	
  increases	
  while	
  epitope	
  content	
  decreases	
  (A)	
  and	
  human	
  9mer	
  
count	
  increases	
  (B)	
  (filled	
  diamonds)	
  as	
  the	
  weights	
  on	
  the	
  associated	
  score	
  terms	
  are	
  increased.	
  
	
  
Recapitulation	
  of	
  previous	
  immunogenicity	
  reduction	
  data.	
  We	
  next	
  attempted	
  
to	
  recapitulate	
  the	
  results	
  of	
  previous	
  experimentally	
  validated	
  protein	
  
deimmunization	
  efforts	
  where	
  immunogenicity	
  was	
  reduced	
  without	
  disrupting	
  
biological	
  function.	
  Cantor	
  et	
  al.	
  (1)	
  sought	
  to	
  remove	
  T	
  cell	
  epitopes	
  from	
  E.	
  coli	
  L-­‐
asparaginase	
  II	
  (EcAII),	
  an	
  enzyme	
  approved	
  for	
  treatment	
  of	
  acute	
  lymphoblastic	
  
leukemia,	
  while	
  maintaining	
  native-­‐like	
  enzymatic	
  activity	
  and	
  protein	
  stability.	
  
They	
  first	
  employed	
  a	
  neutral	
  drift	
  selection	
  scheme	
  to	
  identify	
  allowable	
  mutations	
  
in	
  each	
  of	
  three	
  predicted	
  HLA-­‐DRB1*04:01	
  epitopes,	
  then	
  combined	
  mutations	
  in	
  
each	
  epitope	
  to	
  produce	
  a	
  fully	
  functional	
  enzyme	
  with	
  reduced	
  immunogenicity	
  in-­
vivo.	
  We	
  applied	
  our	
  protocol	
  to	
  the	
  biologically	
  active	
  tetrameric	
  state	
  of	
  EcAII,	
  
constraining	
  design	
  to	
  the	
  residue	
  positions	
  chosen	
  for	
  randomization	
  in	
  the	
  
previous	
  study,	
  and	
  compared	
  our	
  predictions	
  against	
  the	
  mutations	
  identified	
  in	
  
the	
  selection	
  screen	
  and	
  the	
  predicted	
  immunogenicity	
  of	
  the	
  resultant	
  design	
  
sequence.	
  	
  Following	
  Rosetta	
  redesign	
  for	
  all	
  24	
  epitope	
  residues,	
  2	
  out	
  of	
  5	
  
mutations	
  assumed	
  residue	
  identities	
  found	
  in	
  the	
  sequences	
  of	
  experimentally	
  
isolated	
  activity-­‐preserving	
  variants,	
  with	
  one	
  mutation	
  occurring	
  at	
  a	
  position	
  not	
  
tested	
  in	
  the	
  above	
  study.	
  In	
  addition,	
  2	
  of	
  3	
  redesigned	
  epitopes	
  have	
  predicted	
  
HLA-­‐DRB1*04:01	
  binding	
  affinity	
  lower	
  than	
  the	
  peptides	
  tested	
  in	
  the	
  previous	
  
study	
  (Table	
  1).	
  

Tangri	
  et	
  al.	
  (2)	
  attempted	
  the	
  deimmunization	
  of	
  erythropoietin	
  (Epo),	
  a	
  
growth	
  hormone	
  used	
  in	
  treatment	
  of	
  anemia	
  and	
  myelodysplasia.	
  They	
  screened	
  a	
  
set	
  of	
  Epo-­‐derived	
  peptides	
  for	
  binding	
  to	
  a	
  set	
  of	
  15	
  different	
  HLA	
  alleles,	
  targeted	
  
two	
  potential	
  epitopes	
  for	
  deimmunization	
  by	
  screening	
  a	
  small	
  set	
  of	
  point	
  mutants	
  
in	
  each	
  epitope	
  for	
  reduction	
  of	
  T	
  cell	
  activation,	
  and	
  combined	
  point	
  mutants	
  and	
  
screened	
  for	
  both	
  immunogenicity	
  and	
  biological	
  activity.	
  We	
  applied	
  our	
  
deimmunization	
  design	
  protocol	
  to	
  this	
  protein,	
  utilizing	
  the	
  structure	
  of	
  Epo	
  bound	
  
to	
  its	
  native	
  receptor	
  and	
  targeting	
  the	
  same	
  epitope	
  positions	
  experimentally	
  
explored	
  by	
  Tangri	
  et	
  al.	
  Because	
  the	
  HLA	
  allele	
  set	
  of	
  the	
  human	
  donors	
  in	
  the	
  
study	
  is	
  unknown,	
  we	
  designed	
  simultaneously	
  against	
  all	
  eight	
  alleles	
  in	
  the	
  HLA-­‐
DRB1	
  allele	
  set.	
  In	
  the	
  first	
  epitope	
  region,	
  Rosetta	
  introduces	
  only	
  one	
  substitution,	
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the	
  same	
  mutation	
  found	
  to	
  be	
  optimal	
  in	
  (2).	
  Rosetta	
  similarly	
  recovers	
  the	
  point	
  
mutation	
  position	
  in	
  the	
  second	
  epitope	
  (Table	
  1),	
  but	
  substitutes	
  an	
  alanine	
  to	
  
preserve	
  the	
  protein’s	
  net	
  charge	
  and	
  makes	
  three	
  additional	
  mutations	
  to	
  further	
  
disrupt	
  MHC	
  binding.	
  In	
  both	
  cases,	
  the	
  Rosetta	
  design	
  minimizes	
  the	
  number	
  of	
  
predicted	
  MHC	
  binding	
  peptides	
  while	
  minimizing	
  the	
  energy	
  of	
  the	
  protein	
  in	
  the	
  
epitope	
  regions.	
  

	
  

  Sequence 

Predicted 
IC50 
(nM) 

Rosetta 
Energy 

EcAII: Epitope 1 (115-123) [rank 6] 

Native MRPSTSMSA 194.3 -12.0 
Cantor 
et al. VRPPTRMSP 339.9 77.4 

Rosetta MRPQTFMSA 87.2 -9.4 

EcAII: Epitope 2 (216-224) [rank 11] 

Native IVYNYANAS 217.3 -15.4 
Cantor 
et al. VVYGYANAS 195.8 -13.8 

Rosetta IVYNYSNAM 197.1 -11.2 

EcAII: Epitope 3 (304-312) [rank 3] 

Native VLLQLALTQ 135.3 -17.4 
Cantor 
et al. VLLTLALTN 122.4 -11.3 

Rosetta VLLQLALWQ 193.1 -13.4 

Epo: Epitope 1 (101-115) [rank 7] 

Native GLRSLTTLLRALGAQ 7.7 -20.0 
Tangri 
et al. GLRSLTDLLRALGAQ 12.1 -20.3 

Rosetta GLRSLTDLLRALGAQ 12.1 -20.3 

Epo: Epitope 2 (136-150) [rank 1] 

Native DTFRKLFRVYSNFLR 5.0 -23.5 
Tangri 
et al. DTFRKLFRVYDNFLR 24.0 -19.9 

Rosetta DTFRKEFFDYANFLR 70.2 -13.7 
Table	
  1.	
  Recapitulation	
  of	
  previous	
  L-­‐asparaginase	
  II	
  (EcAII)	
  deimmunization	
  efforts	
  (1)	
  against	
  one	
  
HLA	
  allele	
  and	
  erythropoietin	
  (Epo)	
  (2)	
  against	
  eight	
  HLA	
  alleles.	
  MHC	
  IC50’s	
  are	
  predicted	
  by	
  
Rosetta	
  SVM,	
  Rosetta	
  energies	
  are	
  sum	
  of	
  total	
  residue	
  energies	
  over	
  the	
  epitope	
  region.	
  IC50s	
  for	
  
Epo	
  are	
  listed	
  as	
  the	
  lowest	
  predicted	
  across	
  the	
  allele	
  set.	
  Epitope	
  ranks	
  as	
  a	
  function	
  of	
  predicted	
  
immunogenicity	
  are	
  listed	
  next	
  to	
  the	
  residue	
  ranges.	
  Mutations	
  are	
  highlighted	
  in	
  bold,	
  known	
  
activity-­‐preserving	
  mutations	
  are	
  underlined.	
  

	
  
	
  
Epitope	
  removal	
  in	
  superfolder	
  GFP.	
  As	
  an	
  experimental	
  proof	
  of	
  concept,	
  we	
  
chose	
  the	
  fluorescent	
  reporter	
  protein	
  superfolder	
  GFP	
  (17)	
  (sfGFP).	
  GFP	
  is	
  used	
  to	
  
identify	
  and	
  track	
  genetically	
  modified	
  stem	
  cells	
  in	
  vivo	
  for	
  numerous	
  applications	
  
(18),	
  but	
  concern	
  about	
  the	
  immunogenicity	
  of	
  cells	
  expressing	
  GFP	
  remains	
  (19).	
  
We	
  sought	
  to	
  redesign	
  sfGFP,	
  eliminating	
  T	
  cell	
  epitopes	
  without	
  disrupting	
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fluorescence.	
  To	
  do	
  so,	
  we	
  targeted	
  the	
  top	
  four	
  predicted	
  H-­‐2-­‐IAb	
  epitopes	
  in	
  the	
  
sfGFP	
  sequence	
  (Fig.	
  3A).	
  None	
  of	
  these	
  epitopes	
  were	
  present	
  in	
  our	
  known	
  epitope	
  
database,	
  though	
  epitope	
  84	
  had	
  been	
  previously	
  identified	
  as	
  immunodominant	
  in	
  
wild-­‐type	
  GFP.	
  The	
  design	
  algorithm	
  is	
  nearly	
  deterministic;	
  to	
  generate	
  multiple	
  
candidates	
  for	
  testing,	
  we	
  stochastically	
  sampled	
  alternative	
  sequences	
  by	
  random	
  
inclusion	
  of	
  locally	
  near-­‐optimal	
  mutations	
  at	
  each	
  design	
  position.	
  Eight	
  designs	
  
were	
  chosen	
  for	
  testing	
  based	
  on	
  sequence	
  diversity	
  and	
  predicted	
  stability	
  (Table	
  
2,	
  Text	
  S2).	
  sfGFP	
  and	
  all	
  eight	
  designs	
  expressed	
  in	
  E.	
  coli	
  and	
  purified	
  as	
  soluble	
  
protein.	
  To	
  determine	
  whether	
  fluorescence	
  was	
  affected	
  by	
  the	
  design	
  mutations,	
  
emission	
  and	
  absorbance	
  spectra	
  were	
  obtained	
  for	
  sfGFP	
  and	
  all	
  eight	
  
deimmunized	
  proteins.	
  All	
  eight	
  designs	
  showed	
  fluorescence	
  absorbance	
  and	
  
emission	
  spectra	
  comparable	
  to	
  sfGFP	
  with	
  fluorescence	
  excitation	
  peaks	
  at	
  485	
  nm	
  
(Fig.	
  4A,	
  Fig.	
  S1).	
  
	
  

	
  
Figure	
  3.	
  Rosetta	
  design	
  model	
  for	
  sfGFP	
  deimmunization.	
  Green:	
  sfGFP,	
  Magenta:	
  predicted	
  epitopes,	
  
Cyan:	
  	
  design	
  mutations.	
  A)	
  published	
  coordinates	
  of	
  superfolder	
  GFP	
  crystal	
  structure.	
  Both	
  known	
  
and	
  predicted	
  epitopes	
  were	
  targeted	
  for	
  design.	
  Epitope	
  indices	
  from	
  Table	
  2	
  are	
  labeled	
  in	
  circles.	
  	
  
B)	
  closeup	
  of	
  immunodominant	
  epitope.	
  C)	
  Rosetta	
  deimmunization	
  design	
  of	
  B).	
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 sfGFP sfGFP.di.v3.2 

Index Native Seq 
Predicted 
IC50 (nM) 

Rosetta 
Energy Design Seq 

Predicted 
IC50 (nM) 

Rosetta 
Energy 

8 FTGVVPILV 548 -12.9 FKGRVPIQV 998 -10.6 
84 FKSAMPEGY 784 -8.4 MKSAMPDGY 4465 -8.9 

223 FVTAAGITH 542 -8.4 FVRAAGIQE 3312 -7.9 
224 VTAAGITHG 954 -7.15 VRAAGIQEE 2354 -6.5 

	
  
Table	
  3.	
  sfGFP	
  epitopes	
  targeted	
  for	
  redesign.	
  Mutations	
  are	
  highlighted	
  in	
  bold.	
  
	
  
	
   We	
  then	
  investigated	
  whether	
  existing	
  epitopes	
  were	
  correctly	
  identified	
  and	
  
removed	
  and	
  new	
  epitopes	
  not	
  introduced	
  by	
  the	
  design	
  mutations.	
  sfGFP	
  and	
  the	
  
deimmunized	
  variant	
  (sfGFP.di.v3.2)	
  were	
  chosen	
  for	
  immunological	
  testing.	
  This	
  
variant	
  was	
  selected	
  as	
  the	
  most	
  aggressive	
  design	
  because	
  it	
  had	
  the	
  highest	
  
Rosetta	
  energy	
  but	
  still	
  maintained	
  function.	
  GFP:I-­‐Ab	
  tetramer	
  reagents	
  were	
  
generated	
  using	
  both	
  native	
  and	
  design	
  peptide	
  sequences	
  for	
  three	
  of	
  the	
  predicted	
  
epitope	
  regions.	
  For	
  both	
  constructs,	
  five	
  mice	
  were	
  injected	
  with	
  the	
  protein	
  in	
  
complete	
  Freund’s	
  adjuvant	
  (CFA).	
  After	
  six	
  days,	
  spleens	
  from	
  all	
  ten	
  mice	
  were	
  
stained	
  with	
  a	
  multicombinatorial	
  panel	
  of	
  GFP:I-­‐Ab	
  tetramers	
  corresponding	
  to	
  the	
  
both	
  the	
  native	
  and	
  design	
  sequences	
  of	
  all	
  three	
  predicted	
  epitope	
  regions	
  (Table	
  
2)	
  and	
  tetramer-­‐positive	
  cells	
  were	
  magnetically	
  bead	
  enriched.	
  For	
  mice	
  challenged	
  
with	
  wildtype	
  sfGFP,	
  flow	
  cytometry	
  confirmed	
  epitope	
  84	
  as	
  the	
  immunodominant	
  
epitope,	
  with	
  epitope	
  223/224	
  recognized	
  by	
  a	
  smaller	
  number	
  of	
  T	
  cells	
  (Fig.	
  4B).	
  
For	
  mice	
  challenged	
  with	
  the	
  deimmunized	
  protein,	
  all	
  three	
  tetramers	
  
corresponding	
  to	
  the	
  three	
  redesigned	
  epitope	
  regions	
  failed	
  to	
  isolate	
  T	
  cells	
  above	
  
background	
  levels	
  except	
  for	
  one	
  mouse	
  that	
  responded	
  weakly	
  to	
  the	
  mutant	
  
epitope	
  223/224	
  (Fig.	
  4C).	
  This	
  confirmed	
  that	
  the	
  design	
  mutations	
  effectively	
  
eliminated	
  or	
  greatly	
  reduced	
  the	
  antigenicity	
  of	
  wildtype	
  T	
  cell	
  epitopes	
  without	
  
creating	
  new	
  immunodominant	
  epitopes	
  or	
  disrupting	
  fluorescence.	
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Figure	
  4.	
  	
  Redesign	
  of	
  sfGFP	
  reduces	
  T	
  cell	
  reactivity	
  without	
  disrupting	
  fluorescence.	
  A)	
  
Deimmunized	
  sfGFP	
  excitation	
  and	
  emission	
  spectra.	
  Excitation	
  spectrum	
  measured	
  at	
  510nm	
  
emission.	
  Emission	
  spectra	
  measured	
  at	
  488	
  nm	
  excitation.	
  B)	
  Flow	
  cytometry	
  analysis	
  of	
  tetramer-­‐
enriched	
  populations	
  of	
  CD3+	
  CD4+	
  CD44+	
  GFP:I-­‐Ab+	
  lymphocytes.	
  Total	
  CD44+	
  CD4+	
  tetramer	
  
positive	
  cells	
  for	
  each	
  of	
  the	
  six	
  GFP:I-­‐Ab	
  tetramers	
  in	
  mice	
  immunized	
  with	
  WT	
  sfGFP.	
  Immunization	
  
with	
  the	
  native	
  sfGFP	
  leads	
  to	
  the	
  expansion	
  and	
  activation	
  of	
  CD4+	
  T	
  cells	
  responding	
  to	
  epitope	
  82-­‐
96.	
  C)	
  Total	
  CD44+	
  CD4+	
  tetramer	
  positive	
  cells	
  for	
  each	
  of	
  the	
  six	
  GFP:I-­‐Ab	
  tetramers	
  in	
  mice	
  
immunized	
  with	
  the	
  designed	
  sfGFP	
  3.2.	
  Mice	
  immunized	
  with	
  the	
  designed	
  sfGFP	
  3.2	
  no	
  longer	
  
respond	
  to	
  the	
  native	
  sfGFP	
  82-­‐96	
  epitope	
  or	
  the	
  novel	
  designed	
  epitope	
  82-­‐96	
  in	
  sfGFP	
  3.2.	
  	
  
	
  
	
  
Epitope	
  removal	
  in	
  domain	
  III	
  of	
  Pseudomonas	
  exotoxin	
  A.	
  We	
  next	
  sought	
  to	
  
remove	
  T	
  cell	
  epitopes	
  from	
  the	
  toxin	
  domain	
  of	
  the	
  cancer	
  therapeutic	
  HA22,	
  a	
  
recombinant	
  immunotoxin	
  containing	
  a	
  38	
  kDa	
  fragment	
  of	
  Pseudomonas	
  exotoxin	
  
A	
  (PE38)	
  (20),	
  while	
  maintaining	
  cytotoxic	
  activity.	
  HA22	
  has	
  been	
  used	
  
successfully	
  to	
  treat	
  refractory	
  hairy	
  cell	
  leukemia	
  in	
  a	
  recent	
  phase	
  1	
  clinical	
  trial	
  
(21),	
  and	
  has	
  produced	
  complete	
  remission	
  in	
  several	
  patients	
  with	
  acute	
  
lymphoblastic	
  leukemia	
  (22).	
  However,	
  HA22	
  has	
  shown	
  limited	
  effectiveness	
  in	
  
treating	
  patients	
  who	
  are	
  not	
  immune	
  compromised,	
  as	
  the	
  presence	
  of	
  the	
  bacterial	
  
PE38	
  moiety	
  leads	
  to	
  host	
  immune	
  response	
  and	
  the	
  production	
  of	
  neutralizing	
  anti-­‐
drug	
  antibodies	
  (23).	
  To	
  address	
  this	
  issue,	
  we	
  targeted	
  three	
  epitope	
  regions	
  in	
  
PE38	
  previously	
  identified	
  in	
  humans	
  (24)	
  and	
  designed	
  five	
  mutations	
  predicted	
  to	
  
eliminate	
  binding	
  to	
  a	
  diverse	
  set	
  of	
  14	
  human	
  HLA	
  alleles	
  while	
  maintaining	
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favorable	
  interactions	
  with	
  the	
  toxin	
  substrate,	
  eukaryotic	
  elongation	
  factor	
  2	
  (Fig.	
  
S4).	
  The	
  five	
  mutants	
  were	
  expressed	
  and	
  purified	
  for	
  subsequent	
  testing	
  of	
  
cytotoxicity	
  in	
  two	
  Burkitt’s	
  lymphoma	
  cell	
  lines.	
  Two	
  mutants	
  in	
  the	
  region	
  466-­‐
480,	
  A476D	
  and	
  A476D+D474Y,	
  had	
  cytotoxic	
  activity	
  reduced	
  by	
  approximately	
  
80%,	
  but	
  three	
  mutants	
  in	
  region	
  547-­‐564	
  displayed	
  equal	
  or	
  greater	
  cytotoxicity	
  
than	
  the	
  wild-­‐type	
  toxin	
  (Fig.	
  5A).	
  The	
  two	
  most	
  active	
  mutants	
  (L552N	
  and	
  L552E)	
  
were	
  chosen	
  for	
  further	
  characterization	
  of	
  immunogenicity.	
  Peripheral	
  blood	
  
mononuclear	
  cells	
  (PBMCs)	
  derived	
  from	
  two	
  patients	
  and	
  one	
  naïve	
  donor	
  were	
  
stimulated	
  with	
  mutant	
  antigen,	
  and	
  IL-­‐2	
  response	
  was	
  measured	
  after	
  
restimulation	
  with	
  the	
  wild-­‐type	
  and	
  mutant	
  epitope	
  peptides.	
  Both	
  mutants	
  caused	
  
a	
  significant	
  reduction	
  in	
  T	
  cell	
  response	
  for	
  both	
  epitope	
  peptides	
  in	
  all	
  three	
  
samples	
  (p	
  >	
  0.01	
  in	
  student	
  T	
  test)	
  (Fig.	
  5B).    
 

	
  
Figure	
  5.	
  Redesign	
  of	
  exotoxin	
  A	
  reduces	
  T	
  cell	
  reactivity	
  without	
  loss	
  of	
  function.	
  A)	
  Relative	
  
cytotoxicity	
  for	
  the	
  original	
  HA22-­‐LR	
  toxin	
  and	
  three	
  computationally	
  designed	
  variants	
  in	
  two	
  cell	
  
types.	
  B)	
  ELISpot	
  IL-­‐2	
  response	
  was	
  measured	
  for	
  PBMCs	
  derived	
  from	
  two	
  patients	
  and	
  one	
  naïve	
  
donor	
  after	
  restimulation	
  with	
  two	
  WT	
  peptides	
  and	
  four	
  mutant	
  peptides.	
  
 
	
  
Discussion	
  

We	
  have	
  developed	
  a	
  computational	
  protein	
  design	
  method	
  that	
  incorporates	
  
host	
  genome	
  information	
  and	
  MHC-­‐binding	
  prediction	
  tools	
  to	
  reduce	
  the	
  
immunogenicity	
  of	
  arbitrary	
  protein	
  targets.	
  The	
  method	
  removes	
  MHC	
  epitopes	
  
and	
  increases	
  human	
  sequence	
  content	
  while	
  maintaining	
  protein	
  stability	
  and	
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interactions	
  with	
  binding	
  partners.	
  Mutations	
  predicted	
  by	
  the	
  method	
  partially	
  
recapitulate	
  the	
  mutations	
  of	
  previous	
  successful	
  deimmunization	
  efforts.	
  The	
  
effectiveness	
  of	
  the	
  method	
  was	
  verified	
  experimentally	
  by	
  successfully	
  predicting	
  
and	
  eliminating	
  an	
  immunodominant	
  T	
  cell	
  epitope	
  from	
  sfGFP	
  and	
  eliminating	
  a	
  
known	
  T	
  cell	
  epitope	
  from	
  Pseudomonas	
  exotoxin	
  A.	
  We	
  redesigned	
  these	
  proteins	
  
to	
  mitigate	
  T	
  cell	
  immune	
  responses	
  in	
  both	
  mice	
  and	
  humans,	
  respectively,	
  
demonstrating	
  that	
  the	
  method	
  presented	
  is	
  generally	
  applicable	
  to	
  humans	
  or	
  
other	
  species	
  for	
  which	
  sufficient	
  MHC	
  data	
  exist.	
  	
  

Due	
  to	
  the	
  possibility	
  of	
  disrupting	
  folding	
  and	
  function	
  of	
  the	
  target	
  protein,	
  
most	
  deimmunization	
  efforts	
  rely	
  on	
  experimental	
  testing	
  of	
  a	
  limited	
  number	
  of	
  
point	
  mutants,	
  followed	
  by	
  conservative	
  attempts	
  to	
  combine	
  a	
  small	
  subset	
  of	
  these	
  
mutations	
  into	
  a	
  functional	
  product.	
  Though	
  varied	
  in	
  their	
  approaches,	
  proprietary	
  
methods	
  used	
  by	
  companies	
  such	
  as	
  EpiVax	
  (25)	
  and	
  Antitope	
  (26)	
  typically	
  
combine	
  matrix-­‐based	
  epitope	
  scoring,	
  experimental	
  characterization	
  of	
  MHC	
  
binding	
  or	
  T	
  cell	
  epitope	
  mapping,	
  step-­‐wise	
  mutation	
  of	
  antigenic	
  amino	
  acids,	
  and	
  
introduction	
  of	
  tolerizing	
  epitopes	
  where	
  possible.	
  Using	
  structure-­‐based	
  design	
  
simulations,	
  we	
  introduced	
  9	
  mutations	
  into	
  sfGFP	
  simultaneously	
  without	
  
disrupting	
  function.	
  One	
  redesigned	
  epitope	
  lies	
  largely	
  buried	
  in	
  the	
  core	
  of	
  the	
  
protein	
  (Fig.	
  3B,C),	
  requiring	
  the	
  selection	
  of	
  mutations	
  that	
  simultaneously	
  
eliminate	
  MHC-­‐binding	
  propensity	
  without	
  disrupting	
  the	
  folding	
  free	
  energy	
  of	
  the	
  
protein.	
  Eliminating	
  such	
  epitopes	
  would	
  be	
  difficult	
  using	
  the	
  above	
  proprietary	
  
approaches,	
  as	
  multiple	
  substitutions	
  may	
  be	
  required	
  to	
  compensate	
  for	
  packing	
  
defects	
  caused	
  by	
  mutations	
  in	
  the	
  epitope	
  region,	
  and	
  nonconservative	
  mutations	
  
near	
  the	
  protein	
  binding	
  interface	
  of	
  exotoxin	
  A	
  would	
  not	
  have	
  been	
  predicted	
  
without	
  a	
  structure-­‐based	
  design	
  calculation.	
  

This	
  work	
  has	
  focused	
  only	
  on	
  eliminating	
  the	
  most	
  immunoreactive	
  
epitopes	
  for	
  a	
  given	
  set	
  of	
  MHC	
  alleles.	
  Immunological	
  testing	
  of	
  a	
  larger	
  number	
  of	
  
human	
  patients	
  would	
  be	
  required	
  to	
  fully	
  cover	
  the	
  breadth	
  of	
  HLA	
  allotype	
  
diversity,	
  and	
  there	
  may	
  exist	
  highly	
  conserved	
  T	
  cell	
  reactive	
  amino	
  acids	
  in	
  
protein	
  sequences	
  for	
  which	
  no	
  immune	
  silencing	
  mutations	
  are	
  possible,	
  
necessitating	
  the	
  prediction	
  and	
  removal	
  of	
  discontinuous	
  B	
  cell	
  epitopes	
  from	
  the	
  
protein	
  surface.	
  Methods	
  exist	
  for	
  prediction	
  of	
  B	
  cell	
  epitopes,	
  but	
  suffer	
  from	
  
lower	
  predictive	
  power	
  due	
  to	
  the	
  difficulty	
  of	
  obtaining	
  sufficient	
  structural	
  data	
  
for	
  the	
  entire	
  repertoire	
  of	
  discontinuous	
  three-­‐dimensional	
  epitopes	
  (27).	
  
Nevertheless,	
  B	
  cell	
  epitope	
  removal	
  methods	
  have	
  proven	
  successful	
  for	
  a	
  number	
  
of	
  clinical	
  targets	
  (28,	
  29).	
  Such	
  methods	
  could	
  be	
  incorporated	
  into	
  a	
  
comprehensive	
  deimmunization	
  pipeline,	
  and	
  further	
  testing	
  of	
  systemic	
  antibody	
  
response	
  would	
  be	
  required	
  to	
  demonstrate	
  complete	
  immune	
  evasion.	
  

Here	
  we	
  have	
  focused	
  on	
  application	
  to	
  protein	
  therapeutics	
  delivered	
  
extracellularly,	
  where	
  MHCII	
  mediates	
  the	
  primary	
  immunological	
  pathway.	
  The	
  
method	
  is	
  readily	
  extensible	
  to	
  both	
  MHCI	
  and	
  MHCII-­‐based	
  deimmunization,	
  and	
  is	
  
thus	
  applicable	
  to	
  therapeutics	
  expressed	
  intracellularly,	
  such	
  as	
  gene	
  therapy	
  
products.	
  Because	
  epitope	
  scores	
  are	
  averaged	
  over	
  all	
  MHC	
  allele	
  SVMs,	
  degenerate	
  
binding	
  epitopes	
  are	
  penalized	
  more	
  strongly,	
  and	
  thus	
  are	
  the	
  first	
  to	
  be	
  targeted	
  in	
  
our	
  greedy	
  design	
  algorithm.	
  This	
  is	
  critical,	
  as	
  mounting	
  evidence	
  points	
  toward	
  
the	
  correlation	
  between	
  the	
  number	
  of	
  host	
  MHC	
  alleles	
  a	
  given	
  epitope	
  binds	
  and	
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its	
  propensity	
  to	
  initiate	
  an	
  immune	
  reaction	
  in	
  vivo	
  (2,	
  30).	
  Our	
  epitope	
  prediction	
  
method	
  was	
  trained	
  on	
  large-­‐scale	
  peptide	
  binding	
  affinity	
  data,	
  though	
  predictions	
  
can	
  be	
  made	
  using	
  other	
  sources.	
  When	
  experimental	
  binding	
  constants	
  are	
  not	
  
available,	
  MHC-­‐peptide	
  structure	
  simulations	
  have	
  shown	
  promise	
  in	
  calculating	
  
accurate	
  sequence	
  specificities	
  based	
  on	
  MHC-­‐peptide	
  energetics	
  (31).	
  As	
  
improvements	
  in	
  energy	
  functions	
  lead	
  to	
  improvement	
  in	
  the	
  prediction	
  of	
  the	
  
effects	
  of	
  mutations	
  on	
  stability	
  and	
  function,	
  and	
  high-­‐throughput	
  experimental	
  
MHC-­‐peptide	
  binding	
  data	
  become	
  increasingly	
  available,	
  computational	
  protein	
  
design	
  will	
  play	
  an	
  increasingly	
  prominent	
  role	
  in	
  development	
  of	
  next-­‐generation	
  
protein	
  therapeutics.	
  
	
  
Methods	
  
	
  
Penalizing	
  Predicted	
  Epitopes	
  	
  
Epitope	
  SVM	
  Construction:	
  A	
  detailed	
  description	
  of	
  SVM	
  construction	
  is	
  provided	
  in	
  the	
  S.I.	
  Briefly,	
  
one	
  SVM	
  model	
  was	
  trained	
  for	
  each	
  MHC	
  using	
  publicly	
  available	
  peptide-­‐MHC	
  binding	
  constants	
  for	
  
29	
  human	
  and	
  mouse	
  MHC	
  alleles.	
  15mer	
  peptide	
  sequences	
  were	
  first	
  aligned,	
  then	
  encoded	
  into	
  
numerical	
  feature	
  vectors	
  as	
  described	
  in	
  the	
  S.I.	
  Once	
  encoded,	
  SVM	
  regression	
  models	
  were	
  trained	
  
using	
  libSVM	
  to	
  recapitulate	
  peptide-­‐MHC	
  binding	
  IC50	
  values	
  by	
  minimizing	
  mean-­‐squared	
  error	
  in	
  
five-­‐fold	
  cross-­‐validation	
  tests.	
  
Epitope	
  SVM	
  Scoring.	
  The	
  total	
  epitope	
  prediction	
  score	
  of	
  a	
  protein	
  during	
  Rosetta	
  design	
  is	
  
calculated	
  by	
  sliding	
  a	
  15	
  residue	
  window	
  across	
  the	
  protein	
  sequence,	
  calculating	
  the	
  average	
  SVM	
  
binding	
  score	
  over	
  all	
  allele	
  SVM	
  models	
  in	
  the	
  user-­‐defined	
  allele	
  list,	
  and	
  summing	
  the	
  
contributions	
  from	
  each	
  overlapping	
  sequence	
  frame.	
  
	
  
Rewarding	
  9mer	
  sequences	
  that	
  occur	
  in	
  the	
  host	
  genome	
  and	
  penalizing	
  known	
  epitopes.	
  	
  
Host	
  9mer	
  Database	
  Construction.	
  Protein	
  translations	
  of	
  Ensembl	
  gene	
  predictions	
  for	
  Homo	
  
sapiens	
  and	
  Mus	
  Musculus	
  genomes	
  were	
  downloaded	
  from	
  
ftp://ftp.ensembl.org/pub/current_fasta/	
  on	
  28	
  Feb.	
  2012.	
  The	
  number	
  of	
  occurrences	
  of	
  every	
  
unique	
  contiguous	
  9mer	
  peptide	
  found	
  in	
  all	
  hypothetical	
  translation	
  products	
  was	
  first	
  calculated.	
  
Each	
  9mer	
  was	
  assigned	
  a	
  score	
  that	
  rewards	
  common	
  sequences.	
  9mers	
  that	
  occur	
  between	
  one	
  and	
  
ten	
  times	
  were	
  assigned	
  a	
  score	
  of	
  –log(	
  n	
  )-­‐1,	
  where	
  n	
  is	
  the	
  total	
  count	
  of	
  the	
  9mer.	
  9mers	
  that	
  
occur	
  more	
  than	
  ten	
  times	
  were	
  given	
  a	
  constant	
  score	
  of	
  -­‐2.0	
  to	
  prevent	
  domination	
  of	
  scoring	
  by	
  
widespread	
  repeat	
  sequences.	
  Thus,	
  each	
  unique	
  sequence	
  was	
  given	
  a	
  score	
  in	
  the	
  range	
  [-­‐2,-­‐1].	
  
Known	
  Epitope	
  Database	
  Construction.	
  All	
  epitope	
  sequences	
  known	
  to	
  elicit	
  T	
  cell	
  activation	
  
though	
  the	
  MHCII	
  pathway	
  in	
  either	
  humans	
  or	
  mice	
  were	
  downloaded	
  from	
  the	
  IEDB	
  on	
  28	
  Feb.	
  
2012.	
  9mer	
  core	
  sequences	
  were	
  predicted	
  as	
  the	
  epitope	
  subsequence	
  with	
  the	
  highest	
  predicted	
  
MHC	
  binding	
  affinity	
  as	
  scored	
  by	
  Rosetta	
  SVMs.	
  All	
  9mer	
  epitope	
  sequences	
  were	
  assigned	
  a	
  
constant	
  score	
  of	
  10.0.	
  
9mer	
  Database	
  Scoring.	
  9mer	
  subsequences	
  with	
  associated	
  scores	
  (genomic	
  9mers	
  and	
  known	
  
epitope	
  sequences)	
  are	
  loaded	
  from	
  a	
  user-­‐supplied	
  table	
  at	
  runtime	
  and	
  stored	
  in	
  a	
  hash	
  table	
  for	
  
quick	
  lookup	
  during	
  design.	
  The	
  total	
  score	
  is	
  the	
  sum	
  of	
  the	
  scores	
  for	
  each	
  9mer	
  subsequence.	
  	
  
	
  
Rosetta	
  Design	
  Calculations	
  
Structure	
  Preprocessing	
  and	
  Simulation	
  Parameters.	
  Before	
  design	
  calculations,	
  all	
  protein	
  
structures	
  were	
  subject	
  to	
  multiple	
  cycles	
  of	
  backbone	
  minimization	
  and	
  rotamer	
  optimization	
  with	
  
position	
  restraints	
  on	
  sidechain	
  heavy	
  atoms,	
  allowing	
  for	
  small	
  structural	
  changes	
  to	
  bring	
  the	
  
structure	
  to	
  the	
  local	
  energy	
  function	
  minimum.	
  For	
  all	
  design	
  calculations,	
  “talaris2013”	
  Rosetta	
  
score	
  weights	
  were	
  used;	
  native	
  residues	
  were	
  given	
  a	
  constant	
  energy	
  bonus	
  of	
  -­‐0.2	
  REU,	
  non-­‐native	
  
residues	
  a	
  penalty	
  of	
  0.2	
  REU,	
  and	
  non-­‐native	
  cysteine	
  and	
  histidine	
  residues	
  were	
  disallowed	
  in	
  
design.	
  
Rosetta	
  Greedy	
  Optimization	
  Design.	
  All	
  design	
  simulations	
  were	
  implemented	
  using	
  Rosetta	
  
Scripts	
  (32).	
  Greedy	
  sequence	
  design	
  and	
  rotamer	
  optimization	
  was	
  carried	
  out	
  using	
  the	
  Rosetta	
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greedy	
  descent	
  optimization	
  algorithm	
  as	
  previously	
  described	
  (11).	
  Details	
  are	
  provided	
  in	
  the	
  S.I.	
  
Briefly,	
  every	
  amino	
  acid	
  point	
  mutant	
  is	
  sampled	
  independently	
  and	
  the	
  total	
  energy	
  is	
  stored.	
  
Optimal	
  mutations	
  are	
  sorted	
  by	
  energy	
  before	
  combinatorial	
  optimization	
  is	
  attempted	
  in	
  a	
  rank-­‐
ordered,	
  steepest	
  descent	
  fashion.	
  Multiple	
  diverse	
  solutions	
  can	
  be	
  generated	
  by	
  stochastically	
  
attempting	
  combination	
  of	
  near-­‐optimal	
  substitutions	
  at	
  each	
  position.	
  
Deimmunization	
  Design	
  Simulations.	
  Details	
  of	
  each	
  design	
  calculation	
  are	
  provided	
  in	
  the	
  S.I.	
  
Briefly,	
  all	
  simulations	
  followed	
  a	
  similar	
  workflow	
  as	
  follows:	
  Crystal	
  structures	
  were	
  downloaded	
  
from	
  the	
  RCSB	
  Protein	
  Data	
  Bank	
  and	
  pre-­‐minimized	
  with	
  Rosetta	
  as	
  described	
  above.	
  Designable	
  
residues	
  were	
  selected	
  on	
  the	
  basis	
  of	
  average	
  predicted	
  MHC	
  binding	
  affinity;	
  all	
  residues	
  in	
  any	
  
epitope	
  frame	
  that	
  score	
  above	
  a	
  certain	
  threshold	
  are	
  selected	
  for	
  design.	
  For	
  comparison	
  with	
  
previous	
  experimental	
  works,	
  residues	
  were	
  selected	
  so	
  as	
  to	
  provide	
  a	
  meaningful	
  comparison	
  to	
  
the	
  published	
  data.	
  Deimmunization	
  design	
  was	
  then	
  carried	
  out	
  as	
  described	
  above.	
  For	
  design	
  
targets	
  undergoing	
  experimental	
  characterization,	
  multiple	
  design	
  sequences	
  were	
  generated	
  by	
  
randomly	
  sampling	
  near-­‐optimal	
  mutations	
  at	
  each	
  design	
  position	
  and	
  combining	
  these	
  mutations	
  
in	
  a	
  stochastic	
  manner.	
  
	
  
sfGFP	
  Activity	
  and	
  Immunogenicity	
  Assays	
  
Identification	
  of	
  eGFP82-­96:I-­Ab	
  epitope.	
  To	
  begin	
  to	
  narrow	
  down	
  a	
  region	
  in	
  the	
  eGFP	
  protein	
  
containing	
  a	
  CD4+	
  T	
  cell	
  epitope	
  in	
  C57BL/6	
  mice,	
  the	
  eGFP	
  nucleotide	
  sequence	
  (Clontech)	
  was	
  
parsed	
  into	
  5	
  equally	
  sized	
  fragments	
  and	
  each	
  was	
  inserted	
  into	
  the	
  TOPO	
  cloning	
  site	
  of	
  pTrcHis2-­‐
TOPO	
  vector,	
  containing	
  an	
  IPTG-­‐inducible	
  promoter	
  and	
  a	
  6X	
  His	
  c-­‐terminal	
  epitope	
  tag	
  
(Invitrogen).	
  	
  eGFP	
  protein	
  fragments	
  were	
  expressed	
  in	
  Rosetta	
  2	
  competent	
  E.	
  coli	
  (EMD	
  Millipore).	
  	
  
Bacteria	
  were	
  lysed	
  with	
  BugBuster	
  protein	
  extraction	
  reagent	
  (Novagen),	
  sonicated,	
  and	
  eGFP	
  
fragments	
  were	
  purified	
  with	
  His-­‐Bind	
  resin	
  columns	
  (Novagen).	
  	
  Next,	
  individual	
  mice	
  were	
  
immunized	
  subcutaneously	
  with	
  25ug	
  of	
  purified	
  whole	
  eGFP	
  protein	
  (Biovision,	
  Inc.)	
  in	
  Complete	
  
Feund’s	
  Adjuvant	
  (CFA)	
  [Sigma].	
  	
  After	
  10	
  days,	
  draining	
  lymph	
  node	
  cells	
  were	
  negatively	
  selected	
  
for	
  CD4+	
  T	
  cells	
  (Miltenyi	
  Biotech)	
  and	
  an	
  anti-­‐interferon	
  gamma	
  ELISPOT	
  assay	
  was	
  done	
  by	
  
interrogating	
  with	
  the	
  above	
  purified	
  eGFP	
  protein	
  fragments	
  (antibodies	
  from	
  eBioscience,	
  96	
  well	
  
Multiscreen	
  filter	
  plates	
  from	
  Millipore).	
  	
  	
  Upon	
  identifying	
  the	
  eGFP	
  protein	
  fragment	
  that	
  gave	
  the	
  
best	
  interferon	
  gamma-­‐producing	
  CD4+	
  T	
  cell	
  response,	
  a	
  15-­‐mer	
  overlapping	
  peptide	
  library	
  (each	
  
offset	
  by	
  two	
  amino	
  acids)	
  was	
  constructed	
  (Mimotopes).	
  	
  This	
  library	
  was	
  then	
  used	
  for	
  
interrogation	
  in	
  another	
  ELISPOT	
  assay,	
  as	
  described	
  above,	
  to	
  narrow	
  down	
  the	
  15-­‐mer	
  epitope	
  to	
  
amino	
  acids	
  82-­‐96.	
  	
  	
  	
  	
  	
  	
  	
  
Immunizations.	
  C57BL/6	
  mice	
  were	
  injected	
  subcutaneously	
  at	
  the	
  base	
  of	
  the	
  tail	
  with	
  either	
  50ug	
  
sfGFP	
  or	
  50ug	
  sfGFP.di.v3.2	
  emulsified	
  in	
  50ul	
  complete	
  Freund’s	
  adjuvant	
  (Sigma-­‐Aldrich).	
  	
  
C57BL/6	
  mice	
  were	
  injected	
  i.p.	
  with	
  100	
  ug	
  sfGFP	
  or	
  100	
  ug	
  sfGFP.di.v3.2	
  in	
  aluminum	
  hydroxide	
  
adjuvant	
  (Brenntag).	
  	
  	
  
Tetramer	
  Production.	
  Biotin-­‐labeled	
  soluble	
  I-­‐Ab	
  molecules	
  containing	
  eGFP	
  peptide	
  (FKSAMPEGY)	
  
covalently	
  attached	
  to	
  the	
  I-­‐Ab	
  beta	
  chain	
  were	
  produced	
  in	
  Drosophila	
  melanogaster	
  S2	
  cells,	
  then	
  
purified	
  and	
  made	
  into	
  tetramers	
  with	
  streptavidin-­‐phycoerythrin	
  or	
  streptavidin-­‐allophycocyanin	
  
(Prozyme)	
  as	
  described	
  (Moon	
  et	
  al.,	
  2007).	
  	
  
Cell	
  Enrichment	
  and	
  Flow	
  Cytometry.	
  All	
  antibodies	
  were	
  from	
  eBioscience	
  unless	
  noted.	
  Single	
  
cell	
  suspensions	
  of	
  spleens	
  and	
  lymph	
  nodes	
  were	
  stained	
  for	
  1	
  hour	
  at	
  room	
  temperature	
  with	
  
eGFP:I-­‐Ab	
  allophycocyanin	
  tetramer.	
  	
  Samples	
  were	
  then	
  enriched	
  for	
  bead-­‐bound	
  cells	
  on	
  
magnetized	
  columns	
  and	
  a	
  portion	
  was	
  removed	
  for	
  counting	
  as	
  described	
  (Moon	
  et	
  al.,	
  2007).	
  For	
  
identification	
  of	
  surface	
  phenotype,	
  the	
  rest	
  of	
  the	
  sample	
  underwent	
  surface	
  staining	
  on	
  ice	
  with	
  a	
  
mixture	
  of	
  antibodies	
  specific	
  for	
  B220	
  (RA3-­‐6B2),	
  CD11b	
  (MI-­‐70),	
  CD11c	
  (N418),	
  CD44	
  (IM7;	
  BD),	
  
CD4	
  (RM4-­‐5;	
  BD),	
  CD3	
  (145-­‐2C11),	
  and	
  CD8	
  (5H10;	
  BioLegend)	
  each	
  conjugated	
  with	
  a	
  different	
  
fluorochrome.	
  Cells	
  were	
  then	
  analyzed	
  on	
  a	
  Canto	
  (BD)	
  flow	
  cytometer.	
  Data	
  were	
  analyzed	
  with	
  
FlowJo	
  software	
  (TreeStar).	
  
Fluorescence	
  Spectra.	
  Superfolder	
  GFP	
  samples	
  were	
  diluted	
  to	
  a	
  uniform	
  concentration	
  of	
  9.8	
  uM	
  
in	
  PBS	
  and	
  fluorescence	
  spectra	
  were	
  measured	
  on	
  a	
  SpectraMax	
  plate	
  reader.	
  Excitation	
  was	
  
measured	
  from	
  448	
  nm	
  to	
  500nm	
  (2nm	
  intervals)	
  at	
  510	
  nm	
  emission.	
  Emission	
  was	
  measured	
  from	
  
498	
  nm	
  to	
  550	
  nm	
  (2nm	
  intervals)	
  at	
  488	
  nm	
  excitation.	
  Fluorescence	
  spectra	
  were	
  normalized	
  by	
  
subtracting	
  the	
  signal	
  obtained	
  from	
  pure	
  PBS	
  buffer.	
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Exotoxin	
  A	
  Activity	
  and	
  Immunogenicity	
  Assays	
  
Construction,	
  Expression,	
  Purification	
  and	
  cytotoxic	
  activity	
  of	
  recombinant	
  immunotoxin.	
  
The	
  mutations	
  L552E,	
  L552N	
  and	
  P559E	
  were	
  introduced	
  into	
  a	
  plasmid	
  expressing	
  HA22	
  VH-­‐PE38	
  
using	
  PCR	
  overlap	
  extension.	
  The	
  mutant	
  RIT	
  were	
  purified	
  as	
  previously	
  described	
  (33).	
  
Cytotoxicity	
  assays	
  were	
  performed	
  on	
  CD22+	
  human	
  Burkitt	
  lymphoma	
  cell	
  lines	
  (CA46	
  and	
  Raji).	
  
The	
  assay	
  was	
  performed	
  as	
  previously	
  described	
  (24).	
  
In	
  Vitro	
  Expansion	
  and	
  ELISpot.	
  PBMC	
  from	
  two	
  patients	
  that	
  were	
  previously	
  treated	
  with	
  PE38	
  
RIT	
  and	
  one	
  naïve	
  donor	
  were	
  obtained	
  after	
  informed	
  consent.	
  The	
  PBMC	
  were	
  stimulated	
  with	
  
parent	
  RIT,	
  HA22-­‐L552E	
  or	
  HA22-­‐L552N	
  and	
  cultured	
  in	
  37oc	
  with	
  5%	
  CO2	
  for	
  14	
  days.	
  IL2	
  (10U/ml)	
  
(Millipore,MA)	
  	
  was	
  added	
  every	
  three	
  days.	
  On	
  day	
  14,	
  cells	
  were	
  harvested	
  restimulated	
  with	
  either	
  
WT	
  peptides	
  93	
  and	
  94	
  (GPEEEGGRLETILGW	
  and	
  EEGGRLETILGWPLA)	
  or	
  mutant	
  peptides	
  
(GPEEEGGREETILGW,	
  	
  EEGGREETILGWPLA,	
  GPEEEGGRNETILGW	
  and	
  	
  EEGGRNETILGWPLA).	
  IL2	
  ELISpot	
  was	
  
used	
  to	
  detect	
  T	
  cell	
  activation	
  according	
  to	
  manufacturer	
  instructions.	
  
	
  
Rosetta	
  Command-­line	
  Demo	
  
Command	
  line	
  examples,	
  input	
  files,	
  and	
  instructions	
  for	
  running	
  all	
  protein	
  design	
  simulations	
  are	
  
included	
  in	
  the	
  archived	
  demo	
  removing_tcell_epitopes_protein_design_demo.tar.gz	
  .	
  The	
  demo	
  
can	
  be	
  downloaded	
  from https://zenodo.org/record/8436	
  .	
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Text	
  S1.	
  Supporting	
  Information	
  Methods	
  
Epitope	
  SVM	
  Construction	
  Details.	
  One	
  SVM	
  model	
  was	
  trained	
  for	
  each	
  MHC	
  using	
  publicly	
  
available	
  peptide-­‐MHC	
  binding	
  constants	
  for	
  29	
  human	
  and	
  mouse	
  MHC	
  alleles.	
  15mer	
  peptide	
  
sequences	
  were	
  first	
  aligned,	
  then	
  encoded	
  into	
  numerical	
  feature	
  vectors.	
  Amino	
  acid	
  sequence	
  
encoding	
  relied	
  on	
  two	
  sources:	
  BLOSUM62	
  amino	
  acid	
  transition	
  probabilities	
  and	
  PSSMs	
  values	
  
derived	
  from	
  the	
  initial	
  sequence	
  alignment.	
  	
  Once	
  encoded,	
  nu-­‐SVR	
  regression	
  models	
  were	
  trained	
  
using	
  libSVM	
  to	
  recapitulate	
  log-­‐transformed	
  IC50	
  values	
  by	
  minimizing	
  mean-­‐squared	
  error	
  in	
  five-­‐
fold	
  cross-­‐validation	
  tests.	
  
Alignment	
  of	
  SVM	
  Training	
  Data	
  Sequences.	
  MHC	
  peptide	
  binding	
  training	
  data	
  for	
  29	
  MHC	
  alleles	
  
were	
  downloaded	
  from	
  the	
  IEDB,	
  non-­‐15mers	
  were	
  discarded,	
  and	
  sequences	
  were	
  split	
  into	
  binder	
  
and	
  non-­‐binder	
  groups	
  for	
  each	
  allele	
  with	
  a	
  1000	
  nM	
  cutoff.	
  Peptides	
  in	
  each	
  group	
  were	
  aligned	
  
using	
  NetMHCII	
  v2.2	
  to	
  find	
  the	
  highest	
  scoring	
  peptide	
  core	
  frame	
  in	
  each	
  15mer.	
  Aligned	
  15mers	
  
were	
  then	
  extracted	
  by	
  including	
  the	
  9mer	
  core	
  and	
  3	
  residues	
  upstream	
  and	
  downstream,	
  
substituting	
  “X”	
  for	
  gapped	
  termini	
  positions.	
  
Calculation	
  of	
  MHC	
  allele	
  specific	
  PSSMs.	
  For	
  each	
  allele,	
  a	
  position-­‐frequency	
  matrix	
  was	
  
calculated	
  by	
  counting	
  residue	
  frequencies	
  from	
  all	
  aligned	
  9mer	
  cores	
  from	
  peptides	
  with	
  IC50	
  <	
  
1000	
  nM.	
  Values	
  less	
  than	
  0.001	
  in	
  the	
  matrix	
  were	
  given	
  a	
  pseudo-­‐value	
  of	
  0.001	
  and	
  columns	
  
renormalized.	
  PSSM	
  values	
  were	
  calculated	
  as	
  the	
  log-­‐odds	
  ratio	
  of	
  each	
  amino	
  acid	
  position	
  
frequency	
  to	
  the	
  baseline	
  frequency	
  of	
  that	
  amino	
  acid	
  in	
  the	
  host	
  organism.	
  
Peptide	
  Sequence	
  SVM	
  Encoding.	
  Each	
  15mer	
  sequence	
  was	
  encoded	
  as	
  a	
  240-­‐element	
  feature	
  
vector	
  for	
  SVM	
  training	
  as	
  follows:	
  Each	
  amino	
  acid	
  of	
  the	
  9mer	
  core	
  sequence	
  is	
  represented	
  by	
  a	
  
21-­‐element	
  vector	
  from	
  the	
  corresponding	
  row	
  of	
  the	
  probability-­‐transformed	
  BLOSUM62	
  matrix.	
  
Additionally,	
  the	
  upstream	
  and	
  downstream	
  3mers,	
  the	
  peptide-­‐flanking	
  residues	
  (PFRs),	
  were	
  
similarly	
  encoded	
  as	
  a	
  weighted	
  average	
  over	
  the	
  3	
  positions	
  with	
  N-­‐terminal	
  weights	
  of	
  (1/6,	
  2/6,	
  	
  
3/6)	
  and	
  C-­‐terminal	
  weights	
  of	
  (3/6,	
  2/6,	
  1/6).	
  Another	
  9	
  features	
  are	
  added	
  by	
  including	
  the	
  score	
  
for	
  each	
  9mer	
  core	
  position	
  from	
  the	
  PSSM	
  described	
  above.	
  	
  
SVM	
  Training.	
  SVM	
  models	
  were	
  created	
  using	
  libSVM.	
  A	
  regression	
  model	
  was	
  trained	
  (nu-­‐SVR)	
  to	
  
recapitulate	
  log-­‐transformed	
  IC50	
  values	
  from	
  the	
  feature	
  vectors	
  described	
  above.	
  IC50	
  values	
  were	
  



	
   	
   60	
  

transformed	
  into	
  scores	
  according	
  the	
  same	
  manner	
  as	
  Nielsen	
  et	
  al.	
  (14),	
  where	
  each	
  score	
  S	
  =	
  1-­‐
log(IC50)/log(50,000),	
  such	
  that	
  the	
  strongest	
  binder	
  receives	
  a	
  score	
  of	
  1.0	
  and	
  the	
  weakest	
  a	
  score	
  
of	
  0.0.	
  libSVM	
  models	
  were	
  generated	
  using	
  the	
  RBF	
  kernel	
  with	
  the	
  shrinking	
  heuristic,	
  and	
  c,	
  f	
  
parameters	
  were	
  chosen	
  for	
  each	
  MHC	
  allele	
  model	
  to	
  minimize	
  the	
  average	
  mean-­‐squared	
  error	
  in	
  
five-­‐fold	
  cross-­‐validation	
  tests.	
  
Deimmunization	
  Design	
  Simulation	
  Details	
  
Rosetta	
  Greedy	
  Optimization	
  Design.	
  All	
  design	
  simulations	
  were	
  implemented	
  using	
  Rosetta	
  
Scripts	
  (32).	
  Greedy	
  sequence	
  design	
  and	
  rotamer	
  optimization	
  was	
  carried	
  out	
  using	
  the	
  Rosetta	
  
greedy	
  descent	
  optimization	
  algorithm	
  as	
  previously	
  described	
  (11).	
  First,	
  every	
  amino	
  acid	
  point	
  
mutant	
  and	
  rotamer	
  state	
  at	
  every	
  position	
  is	
  sampled	
  independently,	
  and,	
  after	
  rotamer	
  
optimization	
  and	
  gradient	
  minimization	
  of	
  all	
  neighbor	
  sidechains	
  within	
  an	
  8	
  Å	
  sphere,	
  the	
  total	
  
energy	
  is	
  stored.	
  After	
  every	
  position’s	
  point	
  mutants	
  have	
  been	
  evaluated,	
  substitutions	
  at	
  each	
  
position	
  are	
  sorted	
  by	
  energy,	
  and	
  positions	
  are	
  rank	
  ordered	
  by	
  the	
  value	
  of	
  the	
  optimal	
  substitution	
  
at	
  each	
  position.	
  Substitutions	
  are	
  combined	
  by	
  first	
  attempting	
  placement	
  of	
  the	
  optimal	
  
substitution	
  at	
  the	
  optimal	
  position,	
  evaluating	
  the	
  total	
  energy,	
  and	
  accepting	
  if	
  the	
  total	
  score	
  
improves.	
  The	
  substitution	
  at	
  the	
  second	
  ranked	
  position	
  is	
  then	
  attempted,	
  and	
  so	
  on,	
  until	
  
substitutions	
  have	
  been	
  attempted.	
  This	
  approach	
  converges	
  reliably	
  to	
  identical	
  solutions,	
  though	
  
multiple	
  diverse	
  solutions	
  can	
  be	
  generated	
  by	
  optionally	
  attempting	
  combination	
  of	
  near-­‐optimal	
  
substitutions	
  at	
  each	
  position,	
  only	
  considering	
  substitutions	
  whose	
  scores	
  remain	
  within	
  a	
  certain	
  
threshold	
  from	
  the	
  position’s	
  optimal	
  substitution.	
  
Large-­scale	
  Design	
  Benchmarking.	
  The	
  crystal	
  structures	
  of	
  eight	
  proteins	
  isolated	
  from	
  human	
  
pathogens,	
  all	
  containing	
  known	
  T	
  cell	
  epitopes,	
  were	
  downloaded	
  from	
  the	
  RCSB	
  Protein	
  Data	
  Bank.	
  
Target	
  protein	
  sequences	
  were	
  scanned	
  for	
  MHC-­‐binding	
  sequences	
  using	
  Rosetta	
  as	
  described	
  
above.	
  Each	
  sequence	
  was	
  scanned	
  for	
  eight	
  HLA-­‐DR	
  alleles	
  (HLA-­‐DRB1*01:01,	
  HLA-­‐DRB1*03:01,	
  
HLA-­‐DRB1*04:01,	
  HLA-­‐DRB1*07:01,	
  HLA-­‐DRB1*08:02,	
  HLA-­‐DRB1*11:01,	
  HLA-­‐DRB1*13:02,	
  HLA-­‐
DRB1*15:01).	
  Epitopes	
  were	
  identified	
  as	
  those	
  with	
  a	
  log-­‐averaged	
  predicted	
  IC50	
  less	
  than	
  or	
  
equal	
  to	
  1500	
  nM.	
  The	
  predicted	
  15mer	
  cores	
  of	
  all	
  these	
  epitopes	
  were	
  targeted	
  for	
  design.	
  For	
  the	
  
SVM	
  score	
  term,	
  design	
  simulations	
  were	
  carried	
  out	
  with	
  varying	
  score	
  weights	
  using	
  the	
  greedy	
  
optimization	
  scheme	
  described	
  above.	
  For	
  host	
  genome	
  9mer	
  score	
  term,	
  three	
  design	
  simulations	
  
were	
  carried	
  out	
  using	
  Monte	
  Carlo	
  with	
  150	
  steps	
  per	
  designable	
  position.	
  Human	
  9mer	
  content	
  as	
  a	
  
fraction	
  of	
  total	
  epitopes	
  subject	
  to	
  design	
  and	
  Rosetta	
  Energy	
  values	
  were	
  averaged	
  from	
  these	
  
simulations.	
  Final	
  predicted	
  epitope	
  count	
  was	
  calculated	
  as	
  those	
  with	
  a	
  log-­‐averaged	
  predicted	
  
IC50	
  less	
  than	
  or	
  equal	
  to	
  500	
  nM.	
  
L-­asparaginase	
  II	
  Design	
  Simulations.	
  The	
  crystal	
  structure	
  of	
  L-­‐asparaginase	
  II	
  (PDBID:	
  1NNS)	
  
was	
  downloaded	
  from	
  the	
  RCSB	
  Protein	
  Data	
  Bank	
  as	
  the	
  homo-­‐tetrameric	
  biological	
  assembly.	
  
Design	
  positions	
  were	
  restricted	
  to	
  those	
  9mer	
  epitope	
  regions	
  identified	
  by	
  Cantor	
  et	
  al.	
  The	
  design	
  
simulation	
  was	
  carried	
  out	
  with	
  greedy	
  sequence	
  optimization	
  as	
  mentioned	
  above,	
  with	
  a	
  
subsequence	
  SVM	
  score	
  weight	
  of	
  1.0.	
  Epitopes	
  were	
  designed	
  using	
  the	
  SVM	
  for	
  HLA-­‐DRB1*04:01.	
  
(L-­‐asparaginase	
  simulations	
  only	
  used	
  one	
  allele	
  predictor	
  to	
  better	
  match	
  the	
  experiment	
  of	
  Cantor	
  
et	
  al.	
  This	
  single	
  allele	
  has	
  lower	
  average	
  binding	
  affinity	
  and	
  thus	
  higher	
  average	
  scores	
  than	
  the	
  
eight-­‐allele	
  set	
  used	
  in	
  the	
  Epo	
  simulations,	
  so	
  its	
  weight	
  was	
  decreased	
  to	
  compensate.)	
  Predicted	
  
IC50’s	
  are	
  reported	
  as	
  the	
  strongest	
  binding	
  epitope	
  that	
  overlaps	
  the	
  design	
  target	
  9mer.	
  Rank	
  is	
  
reported	
  as	
  the	
  highest-­‐ranking	
  epitope	
  frame	
  that	
  encompasses	
  all	
  design	
  positions.	
  Rosetta	
  
energies	
  for	
  epitope	
  regions	
  are	
  calculated	
  by	
  summing	
  intra-­‐	
  and	
  inter-­‐residue	
  energies	
  over	
  the	
  
target	
  segment. 
Erythropoietin	
  Design	
  Simulations.	
  The	
  crystal	
  structure	
  of	
  erythropoietin	
  complexed	
  to	
  the	
  
binding	
  domain	
  of	
  the	
  erythropoietin	
  receptor	
  (PDBID:	
  1EER)	
  was	
  downloaded	
  from	
  the	
  RCSB	
  
Protein	
  Data	
  Bank.	
  Design	
  positions	
  were	
  restricted	
  to	
  those	
  chosen	
  by	
  Tangri	
  et	
  al.	
  for	
  mutation	
  
(residues	
  102,	
  103,	
  104,	
  107,	
  141,	
  143,	
  144,	
  146,	
  147),	
  using	
  a	
  subsequence	
  SVM	
  score	
  weight	
  of	
  3.5.	
  
Epitopes	
  were	
  redesigned	
  using	
  SVMs	
  corresponding	
  to	
  eight	
  HLA-­‐DR	
  alleles	
  (HLA-­‐DRB1*01:01,	
  
HLA-­‐DRB1*03:01,	
  HLA-­‐DRB1*04:01,	
  HLA-­‐DRB1*07:01,	
  HLA-­‐DRB1*08:02,	
  HLA-­‐DRB1*11:01,	
  HLA-­‐
DRB1*13:02,	
  HLA-­‐DRB1*15:01).	
  Predicted	
  IC50’s	
  are	
  reported	
  as	
  the	
  strongest	
  binding	
  epitope	
  that	
  
overlaps	
  the	
  design	
  target	
  9mer.	
  Rank	
  is	
  reported	
  as	
  the	
  highest-­‐ranking	
  epitope	
  frame	
  that	
  
encompasses	
  all	
  design	
  positions.	
  	
  Predicted	
  allele	
  binders	
  were	
  calculated	
  using	
  an	
  IC50	
  cutoff	
  of	
  
500	
  nM.	
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sfGFP	
  Design	
  Simulations.	
  sfGFP	
  design	
  simulations	
  utilized	
  the	
  available	
  sfGFP	
  crystal	
  structure	
  
(PDBID:	
  2B3P).	
  Eight	
  designs	
  were	
  calculated,	
  utilizing	
  Rosetta	
  both	
  for	
  predicting	
  epitopes	
  and	
  
predicting	
  the	
  mutations’	
  effects	
  on	
  MHC	
  binding.	
  To	
  generate	
  multiple	
  design	
  sequences,	
  candidate	
  
mutations	
  at	
  each	
  design	
  position	
  included	
  all	
  amino	
  acids	
  within	
  1.5	
  REU	
  of	
  the	
  lowest-­‐energy	
  
mutation.	
  Candidate	
  mutations	
  at	
  each	
  position	
  were	
  chosen	
  randomly	
  during	
  the	
  Greedy	
  
Optimization	
  Design	
  stage	
  as	
  described	
  above.	
  
Exotoxin	
  A	
  Design	
  Simulations.	
  Exotoxin	
  A	
  design	
  simulations	
  utilized	
  the	
  available	
  exotoxin-­‐eEF2	
  
co-­‐crystal	
  structure	
  (PDBID:	
  1ZM4).	
  Epitopes	
  were	
  redesigned	
  using	
  SVMs	
  corresponding	
  to	
  
fourteen	
  HLA-­‐DR	
  alleles	
  (HLA-­‐DRB1*01:01,	
  HLA-­‐DRB1*03:01,	
  HLA-­‐DRB1*04:01,	
  HLA-­‐DRB1*07:01,	
  
HLA-­‐DRB1*08:02,	
  HLA-­‐DRB1*09:01,	
  HLA-­‐DRB1*11:01,	
  HLA-­‐DRB1*13:02,	
  HLA-­‐DRB1*15:01,	
  HLA-­‐
DRB3*01:01,	
  HLA-­‐DRB4*01:01,	
  HLA-­‐DRB5*01:01,	
  HLA-­‐DQA1*05:01-­‐DQB1*03:01,	
  HLA-­‐
DQA1*03:01-­‐DQB1*03:02).	
  Three	
  designs	
  were	
  calculated,	
  utilizing	
  Rosetta	
  for	
  predicting	
  the	
  
mutations’	
  effects	
  on	
  MHC	
  binding	
  of	
  the	
  known	
  residue	
  466-­‐480	
  and	
  547-­‐564	
  epitope	
  region.	
  
Candidate	
  mutations	
  at	
  each	
  position	
  were	
  chosen	
  randomly	
  during	
  the	
  Greedy	
  Optimization	
  Design	
  
stage	
  as	
  described	
  above.	
  
	
  
	
  
	
  

	
  
Figure	
  S1.	
  Native	
  and	
  deimmunized	
  sfGFP	
  excitation	
  and	
  emission	
  spectra	
  for	
  all	
  eight	
  sfGFP	
  designs.	
  
A)	
  Excitation	
  spectrum	
  measured	
  at	
  510nm	
  emission.	
  B)	
  Emission	
  spectra	
  measured	
  at	
  488	
  nm	
  
excitation.	
  
	
  

Source PDBID 

Known 
Epitopes 
(Design/Native) 

Predicted 
Epitopes 
(Design/Native) 

Human 
9mers 

Delta 
R.E. 

Sequence 
Identity 

Influenza Matrix 
M1 1ea3 0/7 5/19 0/0 -15.347 0.837 
Tuberculosis 
MPT63 1lmi 2/17 1/10 0/0 -32.871 0.893 
SARS 
Nucleocapsid 2cjr 0/3 0/10 0/0 -8.404 0.861 
SARS ORF9-B 2cme 0/3 5/14 0/0 -22.94 0.692 
Malaria AMA1 2q8a 1/1 10/22 0/0 -32.925 0.918 
Tuberculosis 
esxB 3fav 2/13 0/4 0/0 -7.962 0.811 

Tuberculosis 
esxB 3fav 2/13 0/4 0/0 -7.962 0.811 
Arenavirus L-
protein 3jsb 2/21 9/16 0/0 -23.113 0.827 
HSV envelope 
protein D 3u82 0/13 5/25 0/0 -29.165 0.853 
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Table	
  S1.	
  Rosetta	
  deimmunization	
  of	
  crystal	
  structures	
  with	
  known	
  MHC	
  epitopes.	
  The	
  number	
  of	
  
known	
  and	
  predicted	
  epitopes	
  (from	
  the	
  8	
  HLA-­‐DR	
  allele	
  set	
  described	
  in	
  the	
  main	
  text)	
  after	
  design	
  
(Design)	
  and	
  in	
  the	
  original	
  native	
  sequence	
  (Native)	
  is	
  shown	
  for	
  each	
  target	
  protein,	
  along	
  with	
  
change	
  in	
  Rosetta	
  energy	
  (Delta	
  R.E.)	
  and	
  the	
  fraction	
  of	
  residues	
  not	
  changed	
  during	
  design	
  
(Sequence	
  Identity).	
  Known	
  epitope	
  data	
  was	
  excluded	
  from	
  the	
  simulation	
  so	
  as	
  to	
  provide	
  an	
  
unbiased	
  measure	
  of	
  the	
  prediction	
  and	
  design	
  	
  
	
  
	
  
	
  
	
  
	
  
Text	
  S2.	
  sfGFP	
  deimmunization	
  design	
  sequences	
  alignment.	
  
	
  
sfgfp              SKGEELFTGVVPILVELDGDVNGHKFSVRGEGEGDATNGKLTLKFICTTGKLPVPWPTLV 
sfgfp.di.v2.2      SKGEELFKGRVPIQVELDGDVNGHKFSVRGEGEGDATNGKLTLKFICTTGKLPVPWPTLV 
sfgfp.di.v1.2      SKGEELFLGRVPIQVELDGDVNGHKFSVRGEGEGDATNGKLTLKFICTTGKLPVPWPTLV 
sfgfp.di.v4.2      SKGEELFLGRVPIQVELDGDVNGHKFSVRGEGEGDATNGKLTLKFICTTGKLPVPWPTLV 
sfgfp.di.v4.1      SKGEELFLGRVPIQVELDGDVNGHKFSVRGEGEGDATNGKLTLKFICTTGKLPVPWPTLV 
sfgfp.di.v1.1      SKGEELFLGRVPIQVELDGDVNGHKFSVRGEGEGDATNGKLTLKFICTTGKLPVPWPTLV 
sfgfp.di.v3.1      SKGEELFLGRVPIQVELDGDVNGHKFSVRGEGEGDATNGKLTLKFICTTGKLPVPWPTLV 
sfgfp.di.v3.2      SKGEELFKGRVPIQVELDGDVNGHKFSVRGEGEGDATNGKLTLKFICTTGKLPVPWPTLV 
sfgfp.di.v2.1      SKGEELFTGVVQILVELDGDVNGHKFSVRGEGEGDATNGKLTLKFICTTGKLPVPWPTLV 
                   ******* * * * ********************************************** 
 
sfgfp              TTLGYGVQCFSRYPDHMKRHDFFKSAMPEGYVQERTISFKDDGTYKTRAEVKFEGDTLVN 
sfgfp.di.v2.2      TTLGYGVQCFSRYPDHMKRHDFFKSSMPDGYVQERTISFKDDGTYKTRAEVKFEGDTLVN 
sfgfp.di.v1.2      TTLGYGVQCFSRYPDHMKRHDFFKSAQPDGYVQERTISFKDDGTYKTRAEVKFEGDTLVN 
sfgfp.di.v4.2      TTLGYGVQCFSRYPDHMKRHDFFKSAMSDGYVQERTISFKDDGTYKTRAEVKFEGDTLVN 
sfgfp.di.v4.1      TTLGYGVQCFSRYPDHMKRHDFFKSAMSDGYVQERTISFKDDGTYKTRAEVKFEGDTLVN 
sfgfp.di.v1.1      TTLGYGVQCFSRYPDHMKRHDFFKSAQPDGYVQERTISFKDDGTYKTRAEVKFEGDTLVN 
sfgfp.di.v3.1      TTLGYGVQCFSRYPDHMKRHDFMKSAMPDGYVQERTISFKDDGTYKTRAEVKFEGDTLVN 
sfgfp.di.v3.2      TTLGYGVQCFSRYPDHMKRHDFMKSAMPDGYVQERTISFKDDGTYKTRAEVKFEGDTLVN 
sfgfp.di.v2.1      TTLGYGVQCFSRYPDHMKRHDFFKSSMPDGYVQERTISFKDDGTYKTRAEVKFEGDTLVN 
                   **********************:**:  :******************************* 
 
sfgfp              RIELKGIDFKEDGNILGHKLEYNFNSHNVYITADKQKNGIKANFKIRHNVEDGSVQLADH 
sfgfp.di.v2.2      RIELKGIDFKEDGNILGHKLEYNFNSHNVYITADKQKNGIKANFKIRHNVEDGSVQLADH 
sfgfp.di.v1.2      RIELKGIDFKEDGNILGHKLEYNFNSHNVYITADKQKNGIKANFKIRHNVEDGSVQLADH 
sfgfp.di.v4.2      RIELKGIDFKEDGNILGHKLEYNFNSHNVYITADKQKNGIKANFKIRHNVEDGSVQLADH 
sfgfp.di.v4.1      RIELKGIDFKEDGNILGHKLEYNFNSHNVYITADKQKNGIKANFKIRHNVEDGSVQLADH 
sfgfp.di.v1.1      RIELKGIDFKEDGNILGHKLEYNFNSHNVYITADKQKNGIKANFKIRHNVEDGSVQLADH 
sfgfp.di.v3.1      RIELKGIDFKEDGNILGHKLEYNFNSHNVYITADKQKNGIKANFKIRHNVEDGSVQLADH 
sfgfp.di.v3.2      RIELKGIDFKEDGNILGHKLEYNFNSHNVYITADKQKNGIKANFKIRHNVEDGSVQLADH 
sfgfp.di.v2.1      RIELKGIDFKEDGNILGHKLEYNFNSHNVYITADKQKNGIKANFKIRHNVEDGSVQLADH 
                   ************************************************************ 
 
sfgfp              YQQNTPIGDGPVLLPDNHYLSTQSVLSKDPNEKRDHMVLLEFVTAAGITHG 
sfgfp.di.v2.2      YQQNTPIGDGPVLLPDNHYLSTQSVLSKDPNEKRDHMVLLEFVTAAGIDDG 
sfgfp.di.v1.2      YQQNTPIGDGPVLLPDNHYLSTQSVLSKDPNEKRDHMVLLEFVRAAGITDQ 
sfgfp.di.v4.2      YQQNTPIGDGPVLLPDNHYLSTQSVLSKDPNEKRDHMVLLEFVRAAGITDG 
sfgfp.di.v4.1      YQQNTPIGDGPVLLPDNHYLSTQSVLSKDPNEKRDHMVLLEFVEAAGIQEQ 
sfgfp.di.v1.1      YQQNTPIGDGPVLLPDNHYLSTQSVLSKDPNEKRDHMVLLEFVTAGGIQEE 
sfgfp.di.v3.1      YQQNTPIGDGPVLLPDNHYLSTQSVLSKDPNEKRDHMVLLEFVRAAGIQEE 
sfgfp.di.v3.2      YQQNTPIGDGPVLLPDNHYLSTQSVLSKDPNEKRDHMVLLEFVRAAGIQEE 
sfgfp.di.v2.1      YQQNTPIGDGPVLLPDNHYLSTQSVLSKDPNEKRDHMVLLEFVRAAGIDEG 
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                   ******************************************* *.** .  
	
  
	
  
	
  
	
  
	
  

	
  
	
  
Figure	
  S2.	
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  design	
  model	
  for	
  immunotoxin	
  deimmunization.	
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  design	
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  Orange:	
  eEF-­‐2	
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