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Assessing	  causality	  with	  group	  average	  sta6s6cs	  on	  response	  variables	  is	  a	  failing	  
paradigm.	  This	  makes	  it	  hard	  to	  translate	  from	  bench	  to	  bedside,	  protect	  pa6ent	  
safety,	  and	  achieve	  P4	  Medicine.	  Together	  we	  can	  work	  toward	  a	  brighter	  future.	  

3	  



 	  Please	  don’t	  think	  that	  you	  must	  have	  6me	  series	  as	  oDen	  defined	  to	  use	  
DataSpeaks.	  It	  oDen	  applies	  when	  you	  can	  collect	  repeated	  measurements	  data.	  
 	  Do	  you	  think	  that	  it	  is	  possible	  to	  understand	  individuals	  scien6fically?	  
 	  Science	  based	  largely	  on	  group	  averages	  is	  not	  designed	  to	  understand	  individuals	  
scien6fically.	  
 	  Personalized	  medicine	  calls	  for	  understanding	  individuals	  scien6fically.	  
 	  Do	  we	  need	  6me	  series	  to	  understand	  individuals	  scien6fically?	  
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DCM&B	  can	  help	  overcome	  this	  boNleneck.	  My	  impressions	  are	  that	  tranSMART	  
(hNp://www.transmartproject.org/)	  has	  related	  objec6ves	  and	  that	  DataSpeaks	  
should	  be	  part	  of	  tranSMART.	  	  
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Please	  consider	  how	  you	  might	  be	  able	  to	  use	  this	  tool.	  When	  might	  it	  be	  helpful?	  	  
When	  is	  it	  not?	  We	  will	  return	  to	  this	  ques6on.	  
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Extract	  scien6fic	  informa6on	  about	  causality	  from	  such	  spaghe[	  piles	  of	  6me	  series	  
data	  –	  what	  causes	  what?	  
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Walter,	  Alex,	  and	  I	  meet	  with	  George	  for	  almost	  two	  hours	  before	  this	  presenta6on.	  
We	  are	  planning	  to	  meet	  again	  during	  the	  first	  week	  in	  June	  aDer	  he	  returns	  from	  
lecturing	  in	  Paris.	  

8	  



 	  A	  second	  6me	  series	  can	  help	  predict	  a	  first	  above	  and	  beyond	  past	  values	  of	  the	  
first	  alone.	  	  

 	  Granger	  causality	  is	  a	  linear	  method.	  
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Alternate	  terminology	  for	  “coordina6on	  of	  ac6on”	  includes	  “interac6on-‐over-‐6me”	  
and	  “longitudinal	  associa6on.”	  Benefit	  and	  harm	  scores	  are	  a	  varia6on	  of	  these	  scores	  
for	  evalua6ve	  inves6ga6ons	  such	  as	  RCTs.	  
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 	  Sta6s6cs	  is	  a	  well	  known	  method	  of	  “empirical	  induc6on.”	  DataSpeaks	  is	  another.	  
 	  “Ac6on	  coordina6on	  profiles”	  measure	  coordinated	  ac6on	  as	  an	  emergent	  system	  
property.	  Empirical	  scien6fic	  understanding	  is	  based	  on	  measurement.	  

12	  



13	  



14	  



 	  The	  leD-‐hand	  figure	  shows	  expression	  levels	  for	  two	  genes.	  	  
 	  The	  right-‐hand	  figure	  shows	  three	  lines.	  The	  blue	  line	  shows	  Coordina6on	  Scores	  
(CS)	  when	  E2F1	  is	  selected	  to	  func6on	  as	  the	  IV.	  The	  red	  line	  shows	  CS	  when	  CDC6	  is	  
selected	  to	  func6on	  as	  the	  IV.	  The	  green	  line	  shows	  differences	  between	  these	  two	  
lines.	  These	  differences	  are	  taken	  to	  provide	  evidence	  for	  temporal	  asymmetry	  that	  
can	  provide	  some	  evidence	  for	  causality	  when	  IV	  are	  not	  under	  randomized	  
experimental	  control.	  This	  green	  line	  shows	  values	  for	  the	  “Provisional	  Causal	  
Index.”	  [Two	  differences	  are	  possible	  depending	  on	  the	  order	  of	  subtrac6on.	  By	  
conven6on	  for	  these	  slides,	  green	  lines	  show	  the	  set	  of	  differences	  for	  which	  the	  most	  
extreme	  value	  is	  posi6ve.]	  
 	  This	  slide	  shows	  strong	  evidence	  for	  a	  posi6ve	  associa6on	  that	  is	  not	  causal	  as	  
indicated	  by	  a	  green	  line	  that	  hovers	  near	  y	  =	  0.	  This	  green	  line	  quan6fies	  temporal	  
asymmetries.	  DataSpeaks	  welcomes	  collaborators	  to	  further	  develop,	  refine,	  and	  
advance	  this	  index.	  One	  opportunity	  for	  further	  development	  is	  to	  use	  signs	  to	  
dis6nguish	  genes	  func6oning	  as	  ac6vators	  from	  genes	  func6oning	  as	  suppressors.	  
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 	  Distribu6ons	  of	  poten6al	  scores	  are	  defined	  by	  the	  data	  in	  combina6on	  with	  an	  
opera6onally	  defined	  DataSpeaks’	  scoring	  protocol.	  Protocols	  are	  defined	  by	  selec6ng	  
menu	  op6ons	  in	  DataSpeaks’	  soDware.	  
 	  The	  probability	  of	  the	  observed	  score	  is	  1.25x10-‐12.	  These	  hypergeometric	  
probabili6es	  are	  used	  to	  help	  compute	  standardized	  scores.	  These	  probabili6es	  must	  
not	  be	  interpreted	  as	  levels	  of	  sta6s6cal	  significance.	  
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These	  graphs	  are	  intended	  to	  help	  viewers	  understand	  what	  DataSpeaks	  measures	  
and	  how	  these	  measures	  are	  affected	  by	  Delay.	  Delay	  is	  one	  of	  8	  analysis	  parameters	  
built	  into	  the	  current	  version	  of	  DataSpeaks’	  soDware.	  This	  set	  of	  7	  graph	  pairs	  shiDs	  
the	  red	  line	  in	  the	  corresponding	  data	  slide	  hour	  by	  hour	  to	  the	  right	  to	  illustrate	  
Delay.	  At	  Delay	  =	  0,	  peaks	  line	  up	  with	  peaks	  and	  troughs	  line	  up	  with	  troughs.	  This	  is	  
quan6fied	  with	  a	  large	  posi6ve	  CS.	  At	  Delay	  =	  6,	  peaks	  and	  troughs	  are	  almost	  en6rely	  
offset.	  This	  yields	  a	  substan6al	  nega6ve	  CS.	  Values	  in	  between	  yield	  intermediate	  
coordina6on	  scores.	  
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This	  set	  shiDs	  the	  blue	  line	  hour	  by	  hour	  to	  the	  right	  to	  illustrate	  Delay.	  
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This	  shows	  strong	  evidence	  for	  a	  posi've	  associa6on	  that	  is	  not	  causal.	  With	  
DataSpeaks,	  associa6ons	  are	  labeled	  posi6ve	  or	  nega6ve	  by	  signs	  of	  the	  most	  
extreme	  standardized	  scores	  from	  DataSpeaks.	  
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This	  second	  example	  provides	  strong	  evidence	  for	  a	  nega've	  associa6on	  that	  is	  not	  
causal.	  
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Unlike	  the	  previous	  two	  examples,	  this	  example	  provides	  strong	  evidence	  for	  causality	  
as	  indicated	  by	  the	  green	  line	  devia6ng	  widely	  from	  y	  =	  0,	  especially	  at	  Delay	  =	  4.	  
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Unlike	  the	  previous	  two	  examples,	  this	  example	  provides	  strong	  evidence	  for	  
causality.	  
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 	  Both	  hormones	  were	  measured	  from	  portal	  blood	  (where	  the	  hypothalamus	  
interacts	  with	  the	  pituitary	  gland)	  every	  5	  minutes	  for	  about	  12	  hours	  in	  a	  ewe	  
(female	  sheep)	  at	  U-‐M.	  

 	  It	  is	  well	  known	  that	  GnRH	  controls	  LH.	  These	  results	  help	  to	  validate	  DataSpeaks.	  
DataSpeaks	  provides	  strong	  evidence	  (green	  line	  in	  boNom	  graph)	  for	  a	  causal	  
rela6onship.	  Furthermore,	  the	  fact	  that	  the	  CSs	  are	  larger	  for	  GnRH	  to	  LH	  at	  short	  
delays	  (0	  and	  1)	  than	  for	  the	  LH	  to	  GnRH	  suggests	  that	  the	  direc6on	  of	  causality	  is	  
from	  	  GnRH	  to	  LH,	  not	  vice	  versa.	  This	  appears	  to	  further	  validate	  DataSpeaks.	  
DataSpeaks	  appears	  to	  provide	  evidence	  for	  causality	  where	  this	  is	  difficult	  to	  
perceive	  visually.	  
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 This	  is	  published	  and	  included	  in	  my	  patents.	  
 	  Step	  1	  allows	  soDware	  users	  to	  select	  from	  among	  a	  variety	  of	  data	  pre-‐processing	  
op6ons.	  One	  op6on	  is	  to	  process	  data	  as	  residuals	  from	  linear	  trend.	  The	  value	  of	  this	  
has	  been	  demonstrated	  by	  applying	  DataSpeaks	  to	  economic	  6me	  series	  when	  the	  
task	  to	  to	  predict	  periods	  of	  rela6ve	  recession	  or	  prosperity	  in	  a	  generally	  growing	  
economy.	  The	  current	  version	  of	  DataSpeaks	  also	  can	  process	  data	  as	  residuals	  from	  
polynomial	  regression	  up	  to	  the	  sixth	  order.	  Overfi[ng	  6me	  series	  drives	  down	  the	  
resul6ng	  CSs.	  Another	  op6on	  is	  to	  process	  the	  data	  using	  successive	  differences	  in	  
repeated	  measurements.	  This	  has	  proven	  useful	  processing	  6me	  series	  for	  ACTH	  and	  
cor6sol.	  Here	  successive	  differences	  were	  far	  more	  predic6ve	  than	  hormone	  levels.	  
 	  	  Please	  do	  not	  confuse	  DataSpeaks’	  measurement	  technology	  with	  sta6s6cs.	  
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 	  See	  the	  paNern	  in	  the	  ac6on	  digigram.	  

 	  Has	  anyone	  seen	  this	  done	  before?	  
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Many	  RCTs	  use	  a	  temporal	  resolu6on	  of	  two	  –	  baseline	  and	  endpoint.	  
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Various	  methods	  use	  6me-‐lagged	  cross-‐correla6ons	  to	  assess	  what	  I	  call	  delay.	  
However,	  there	  is	  much	  more	  to	  understanding	  effects	  of	  6me	  than	  just	  delay.	  This	  
illustrates	  how	  we	  can	  define	  addi6onal	  digital	  series	  to	  inves6gate	  both	  delay	  and	  
persistence.	  

Illustrate	  with	  drug	  doses.	  Absorp6on	  and	  other	  processes	  can	  affect	  build	  up	  of	  drug	  
in	  blood	  and	  target	  6ssues.	  Addi6onal	  processes	  such	  as	  metabolism	  and	  excre6on	  
can	  affect	  persistence.	  To	  some	  extent,	  delay	  and	  persistence	  might	  be	  independent.	  
DataSpeaks	  can	  inves6gate	  both	  delay	  and	  persistence.	  
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 	  The	  default	  value	  for	  persistence	  is	  1.	  This	  shows	  DataSpeaks’	  results	  using	  two	  
addi6onal	  op6onal	  values	  for	  persistence,	  2	  and	  3.	  Adding	  addi6onal	  analysis	  
parameters	  and	  levels	  of	  analysis	  generally	  increases	  the	  magnitudes	  of	  CSs.	  

 	  Note	  that	  values	  of	  the	  Provisional	  Causal	  Index	  at	  Delay	  =	  0	  are	  always	  0	  when	  no	  
other	  temporal	  analysis	  parameters	  are	  selected	  for	  use	  in	  the	  scoring	  algorithm.	  
Here	  this	  index	  can	  be	  substan6ally	  different	  from	  0	  because	  of	  the	  use	  of	  an	  
addi6onal	  analysis	  parameter,	  persistence.	  [Unlike	  other	  slides	  in	  this	  set,	  this	  slide	  
shows	  large	  nega6ve	  values	  of	  the	  Provisional	  Causal	  Index	  in	  a	  situa6on	  where	  
absolute	  values	  count.]	  	  

 	  According	  to	  the	  known	  network,	  RFC4	  acts	  on	  CDC2	  through	  PCNA.	  This	  result	  
seems	  to	  make	  sense.	  
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15,120x432=6,531,840.	  This	  is	  the	  number	  of	  scores	  in	  8-‐dimensional	  arrays	  can	  can	  
be	  computed	  when	  the	  current	  version	  of	  DataSpeaks’	  soDware	  is	  used	  with	  
computers	  that	  have	  adequate	  virtual	  memory.	  
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Drug/drug	  interac6ons	  become	  Boolean	  independent	  events	  that	  can	  be	  assessed	  
within	  individuals	  with	  DataSpeaks.	  
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 	  Can	  be	  extended	  to	  more	  Boolean	  opera6ons	  and	  more	  6me	  series	  to	  inves6gate	  
substan6al	  complexity.	  

 	  This	  example	  largely	  is	  copied	  from	  DataSpeaks’	  soDware.	  
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DataSpeaks	  would	  welcome	  help	  to	  define	  a	  more	  mathema6cally	  elegant	  and	  
perhaps	  more	  computa6onally	  efficient	  version	  of	  this	  algorithm	  that	  yields	  scores	  
with	  the	  same	  values.	  
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Standardiza6on	  is	  impera6ve	  for	  DataSpeaks.	  Standardiza6on	  facilitates	  comparisons.	  
DataSpeaks	  is	  not	  a	  rubber	  ruler!	  
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The	  marginal	  frequencies	  of	  the	  observed	  2x2	  table	  can	  be	  used	  to	  iden6fy	  a	  mutually	  
exclusive	  and	  exhaus6ve	  set	  of	  all	  possible	  2x2	  tables	  that	  are	  possible	  given	  these	  
marginal	  frequencies.	  These	  are	  hypergeometric	  probabili6es	  that	  also	  are	  used	  in	  
the	  Fisher	  exact	  test.	  Compute	  the	  mean	  and	  standard	  devia6on	  of	  the	  raw	  scores	  
and	  use	  these	  to	  compute	  the	  standardized	  scores.	  Here	  E(a)	  =	  22.5.	  

If	  any	  marginal	  frequency	  is	  0,	  the	  only	  possible	  CS	  is	  0	  and	  the	  standard	  devia6on	  of	  
the	  poten6al	  scores	  is	  0.	  	  
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The	  examples	  that	  I	  showed	  you	  summarized	  CSs	  as	  a	  func6on	  of	  Delay.	  These	  are	  
what	  we	  used	  to	  evaluate	  the	  temporal	  criterion	  of	  causal	  rela6onships.	  
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 	  DataSpeaks	  makes	  it	  possible	  to	  inves6gate	  CSs	  as	  func6ons	  of	  level	  of	  each	  of	  the	  
6me	  series.	  This	  appears	  to	  be	  a	  unique	  capability.	  Can	  you	  do	  anything	  like	  this	  with	  
sta6s6cal	  measures	  of	  correla6on?	  

 	  It	  appears	  as	  if	  DataSpeaks	  has	  great	  poten6al	  to	  inves6gate	  non-‐linear	  
rela6onships.	  Again,	  DataSpeaks	  welcomes	  collaborators	  to	  help	  inves6gate	  this	  
further.	  
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 	  DataSpeaks	  measures	  individuals.	  Sta6s6cs	  describes	  groups	  and	  makes	  inferences	  
from	  samples	  of	  individuals	  to	  groups.	  It	  is	  important	  to	  keep	  these	  two	  dis6nct.	  

 	  Measurement	  of	  CSs	  has	  been	  the	  missing	  step.	  
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This	  might	  help	  to	  cure	  some	  cancers.	  
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This	  and	  the	  following	  set	  of	  5	  slides	  show	  results	  for	  all	  36	  pairs	  as	  iden6fied	  in	  Slide	  
13.	  Suppose	  we	  add	  a	  poten6al	  cancer	  drug	  to	  the	  growth	  media	  for	  these	  cells	  and	  
rerun	  the	  study.	  Then	  it	  would	  be	  possible	  to	  difference	  any	  of	  these	  results	  to	  
observe	  how	  the	  drug	  might	  affect	  any	  or	  all	  of	  these	  results.	  It	  appears	  that	  this	  
could	  help	  elucidate	  mechanisms	  of	  drug	  effect	  on	  cell	  cycle	  control.	  
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BOLD	  fMRI	  data	  are	  readily	  and	  publically	  available.	  15	  minutes	  of	  scanning	  would	  
yield	  about	  450	  repeated	  measurements.	  Voxels	  are	  spa6ally	  localized.	  This	  facilitates	  
visualiza6on	  of	  results.	  We	  have	  poten6al	  to	  essen6ally	  create	  a	  new	  imaging	  
modality	  by	  adding	  a	  module	  of	  DataSpeaks’	  soDware	  to	  exis6ng	  machines.	  The	  value	  
proposi6on	  is	  to	  improve	  people’s	  lives	  with	  more	  specific	  and	  ac6onable	  diagnoses	  
of	  many	  chronic	  neuropsychiatric	  disorders.	  
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First-‐genera6on	  RCT	  designs	  are	  the	  current	  gold	  standard	  for	  assessing	  causality	  in	  
drug	  development,	  drug	  regula6on,	  and	  evidence-‐based	  medicine.	  Moun6ng	  
evidence	  suggests	  that	  these	  represent	  a	  failing	  scien6fic	  paradigm.	  
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This	  is	  how	  Science	  Magazine	  portrayed	  part	  of	  the	  problem.	  
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ENIAC	  =	  Electronic	  Numerical	  Integrator	  And	  Computer,	  the	  first	  general	  purpose	  
electronic	  computer	  
Bayesian	  sta6s6cs	  are	  not	  up	  to	  solving	  these	  problems.	  
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 	  Why	  genotype	  pa6ents	  in	  RCTs	  that	  wash	  out	  the	  effects	  of	  individual	  differences	  
by	  design?	  

 	  Why	  test	  par6cular	  pa6ents	  with	  only	  one	  dose	  or	  placebo	  when	  we	  oDen	  need	  to	  
target	  different	  doses	  to	  different	  pa6ents?	  

 	  Why	  separate	  clinical	  safety	  and	  effec6veness	  evalua6ons	  when	  these	  need	  to	  be	  
balanced	  against	  each	  other	  star6ng	  at	  the	  level	  of	  individual	  pa6ents?	  

 	  Why	  confound	  true	  responders	  to	  ac6ve	  treatment	  with	  responders	  on	  ac6ve	  
treatment	  that	  would	  have	  responded	  to	  placebo?	  

 	  Epidemiology	  spends	  much	  effort	  trying	  to	  overcome	  confounding.	  Why	  design	  
RCTs	  to	  confound	  individual	  differences	  with	  measurement	  error,	  doses	  with	  types	  of	  
treatment,	  treatment	  effects	  with	  how	  they	  are	  valued,	  and	  true	  responders	  with	  
placebo	  responders?	  	  
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 	  This	  slide	  shows	  data	  and	  benefit	  and	  harm	  scores	  for	  three	  pa6ents.	  This	  is	  an	  
Ultra	  RCT	  design	  with	  four	  doses	  including	  placebo	  and	  three	  dependent	  or	  response	  
variables	  for	  each	  of	  three	  pa6ents.	  
 	  This	  slide	  illustrates	  use	  of	  two	  dis6nct	  and	  oDen	  complementary	  quan6ta6ve	  
methods,	  DataSpeaks	  and	  sta6s6cs.	  Which	  method	  was	  used	  to	  describe	  the	  group	  
and	  make	  an	  inference	  from	  the	  sample	  of	  pa6ents	  to	  a	  popula6on?	  Answer	  –	  
sta6s6cs.	  
 	  Which	  method	  was	  used	  to	  assess	  causality?	  Answer	  –	  DataSpeaks	  in	  conjunc6on	  
with	  randomized	  experimental	  control	  exercised	  over	  6me	  for	  individuals.	  
 	  Will	  sta6s6cians	  be	  willing	  to	  give	  up	  some	  turf	  with	  respect	  to	  causality	  
assessment	  in	  order	  to	  advance	  P4	  medicine,	  protect	  pa6ent	  safety,	  help	  solve	  the	  
transla6on	  problem,	  and	  achieve	  beNer	  value?	  
 	  Vioxx,	  Bextra,	  and	  torcetrapib	  failed	  because	  of	  increased	  risk	  of	  heart	  aNack,	  
stroke,	  and	  death	  mediated,	  at	  least	  in	  part,	  by	  increases	  in	  blood	  pressure	  (BP).	  See	  
how	  easy	  it	  is	  to	  detect	  BP	  effects	  when	  these	  effects	  exist.	  
 	  Green	  bars	  for	  Pa6ent	  1	  show	  that	  BP	  always	  was	  below	  90	  at	  every	  6me	  when	  
dose	  was	  40	  or	  more.	  Red	  bars	  for	  Pa6ent	  1	  show	  that	  BP	  was	  always	  higher	  than	  90	  
when	  dose	  was	  less	  than	  40.	  
 	  Pa6ent	  2	  shows	  some	  evidence	  for	  Delay.	  



 	  This	  slide	  also	  shows	  benefit	  and	  harm	  as	  a	  func6on	  of	  dose	  for	  all	  three	  pa6ents	  
as	  well	  as	  group	  average	  results	  obtained	  with	  sta6s6cs.	  
 	  No6ce	  that	  op#mal	  doses	  appear	  to	  differ	  for	  these	  three	  pa6ents	  and	  that	  group	  
averaging,	  though	  oDen	  useful,	  tends	  to	  wash	  out	  the	  effects	  of	  individual	  
differences.	  
 	  Such	  results	  do	  appear	  to	  be	  relevant	  to	  pharmacodynamics.	  Apparent	  treatment	  
effects	  are	  measured	  directly	  star6ng	  at	  the	  level	  of	  individual	  pa6ents	  that	  appear	  to	  
be	  somewhat	  unique	  and	  have	  different	  dose	  requirements.	  
 	  The	  results	  in	  this	  slide	  suggest	  that	  dose	  response	  is	  not	  linear.	  
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