
Study	
  designer	
  track:	
  
Deep	
  dive	
  into	
  cohort	
  study	
  

design	
  using	
  ATLAS	
  



Replica;on	
  of	
  Garbe	
  et	
  al.	
  using	
  the	
  
OHDSI	
  framework	
  



What	
  is	
  the	
  design	
  used	
  by	
  	
  Garbe	
  et	
  al?	
  

Input	
  parameter	
   Design	
  choice	
  

Target	
  cohort	
  (T)	
   Celecoxib	
  new	
  users	
  

Comparator	
  cohort	
  (C)	
   Tradi;onal	
  non-­‐steroid	
  an;flammatory	
  
drugs	
  (NSAID)	
  new	
  users	
  

Outcome	
  cohort	
  (O)	
   Upper	
  gastrointes;nal	
  complica;ons	
  
(UGIC)	
  

Time-­‐at-­‐risk	
   cohort	
  start	
  à	
  cohort	
  end	
  

Model	
  specifica;on	
   1:1	
  propensity	
  score-­‐matched	
  
mul;variable	
  condi;onal	
  Poisson	
  
regression	
  



Hands-­‐on	
  Exercise	
  

Create	
  a	
  compara;ve	
  cohort	
  analysis	
  
to	
  replicate	
  the	
  study	
  by	
  Garbe	
  et	
  al.	
  

1.  Go	
  to:	
  hTp://ohdsi.org/web/ATLAS	
  
2.  Click	
  on	
  ‘Es;ma;on’	
  menu	
  on	
  leY-­‐hand	
  side	
  
3.  Click	
  on	
  ‘New	
  Popula;on	
  Level	
  Effect	
  

Es;ma;on’	
  buTon	
  on	
  top-­‐right	
  
	
  
	
  



Hands-­‐on	
  Exercise	
  

Create	
  a	
  chort	
  defini;on	
  to	
  replicate	
  the	
  
comparator	
  group	
  used	
  in	
  Garbe	
  et	
  al.	
  

1.  Go	
  to:	
  hTp://ohdsi.org/web/ATLAS	
  
2.  Click	
  on	
  ‘Define	
  a	
  New	
  Cohort’	
  buTon	
  
3.  Give	
  your	
  cohort	
  a	
  new	
  name	
  (ex.	
  “OHDSI	
  tutorial	
  Garbe	
  

comparator	
  replica;on	
  by	
  Patrick	
  Ryan”)	
  
4.  On	
  ‘Defini;on’	
  tab,	
  define	
  cohort	
  entry	
  criteria	
  (ini;al	
  

events	
  and	
  all	
  inclusion	
  criteria)	
  and	
  cohort	
  exit	
  criteria	
  
5.  Hit	
  ‘Save’	
  buTon	
  beside	
  the	
  cohort	
  defini;on	
  name	
  
6.  Go	
  to	
  ‘Genera;on’	
  tab,	
  	
  and	
  click	
  ‘Generate’	
  buTon	
  beside	
  

whichever	
  database(s)	
  you’d	
  like	
  to	
  explore	
  

	
  



Garbe	
  et	
  al.	
  descrip;on	
  of	
  cohort(s)	
  



Garbe	
  et	
  al.	
  replica;on:	
  	
  
Implemen;ng	
  the	
  target	
  cohort	
  in	
  ATLAS	
  



Implemen;ng	
  the	
  target	
  cohort	
  in	
  ATLAS:	
  
Defining	
  the	
  ini;al	
  event	
  

Ambigui;es	
  from	
  publica;on	
  which	
  require	
  detailed	
  specifica;on	
  in	
  a	
  complete	
  protocol:	
  
1)  What	
  is	
  the	
  ;me	
  period	
  for	
  exposure?	
  
2)  Does	
  exposure	
  need	
  to	
  be	
  first	
  ;me	
  in	
  history,	
  or	
  only	
  require	
  12	
  months	
  prior	
  with	
  

no	
  exposure?	
  



Implemen;ng	
  the	
  target	
  cohort	
  in	
  ATLAS:	
  
Specifying	
  ini;al	
  event	
  inclusion	
  criteria	
  

Ambigui;es	
  from	
  publica;on	
  which	
  require	
  detailed	
  specifica;on	
  in	
  a	
  complete	
  protocol:	
  
1)  Does	
  ‘at	
  least	
  12	
  months	
  without	
  any	
  nota;on	
  of	
  NSAID	
  use…during	
  this	
  period’	
  mean	
  

no	
  exposure	
  any	
  ;me	
  in	
  prior	
  history	
  or	
  any	
  ;me	
  in	
  last	
  12	
  months?	
  
2)  How	
  do	
  you	
  define	
  ‘diagnosis	
  of	
  cancer’?	
  



Implemen;ng	
  the	
  target	
  cohort	
  in	
  ATLAS:	
  
Select	
  cohort	
  exit	
  criteria	
  

Ambigui;es	
  from	
  publica;on	
  which	
  require	
  detailed	
  specifica;on	
  in	
  a	
  complete	
  protocol:	
  
1)  How	
  is	
  con;nuous	
  exposure	
  defined,	
  such	
  that	
  one	
  can	
  determine	
  a	
  ‘discon;nua;on	
  

or	
  switch’?	
  
2)  How	
  do	
  we	
  differen;ate	
  between	
  ‘poten;al	
  ;me-­‐at-­‐risk’	
  vs.	
  ‘realized	
  ;me-­‐at-­‐risk’	
  to	
  

disentangle	
  exposure	
  cohort	
  defini;on	
  from	
  analy;c	
  censoring	
  strategy?	
  



Implemen;ng	
  the	
  target	
  cohort	
  in	
  ATLAS:	
  
Define	
  ‘celecoxib’	
  concept	
  set	
  

•  Use	
  of	
  OHDSI	
  standardized	
  vocabularies	
  enables	
  efficient	
  defini;on	
  of	
  concept	
  sets,	
  
which	
  can	
  be	
  fully	
  expressed	
  as	
  all	
  included	
  concepts	
  and	
  included	
  source	
  codes	
  

•  Use	
  of	
  standardized	
  vocabularies	
  enables	
  same	
  defini;on	
  to	
  be	
  applied	
  across	
  
different	
  databases,	
  even	
  if	
  those	
  databases	
  use	
  different	
  source	
  coding	
  



Implemen;ng	
  the	
  target	
  cohort	
  in	
  ATLAS:	
  
Review	
  ‘celecoxib’	
  included	
  concepts	
  

•  RxNorm	
  is	
  a	
  standard	
  vocabulary	
  to	
  represent	
  drugs	
  
•  Descendant	
  concepts	
  from	
  RxNorm	
  ingredient	
  includes	
  clinical	
  drugs,	
  branded	
  drugs,	
  

clinical/brand	
  drug	
  forms,	
  and	
  clinical/branded	
  drug	
  component	
  
•  RC:	
  ‘record	
  count’	
  =	
  how	
  oYen	
  that	
  standard	
  concept	
  appeared	
  directly	
  in	
  a	
  database	
  
•  DRC:	
  ‘descendant	
  record	
  count’	
  =	
  how	
  oYen	
  that	
  standard	
  concept	
  or	
  any	
  of	
  its	
  

descendant	
  concepts	
  appeared	
  in	
  a	
  database	
  



Implemen;ng	
  the	
  target	
  cohort	
  in	
  ATLAS:	
  
Review	
  ‘celecoxib’	
  included	
  source	
  codes	
  

•  Many	
  different	
  source	
  vocabularies	
  used	
  across	
  various	
  health	
  systems	
  are	
  mapped	
  
into	
  one	
  common	
  reference	
  standard	
  used	
  in	
  OMOP	
  Common	
  Data	
  Model	
  (ex:	
  NDC,	
  
DPD,	
  DA	
  France,	
  VA	
  Product,	
  GPI	
  all	
  mapped	
  into	
  RxNorm)	
  

•  By	
  defining	
  a	
  concept	
  set	
  as	
  one	
  standard	
  concept	
  and	
  including	
  all	
  descendants,	
  the	
  
defini;on	
  includes	
  193	
  different	
  standard	
  concepts	
  and	
  1,014	
  different	
  source	
  
vocabulary	
  terms.	
  



Implemen;ng	
  the	
  target	
  cohort	
  in	
  ATLAS:	
  
Define	
  ‘cancer’	
  concept	
  set	
  

•  OHDSI	
  standardized	
  vocabularies	
  allow	
  for	
  use	
  of	
  hierarchical	
  structure	
  contained	
  
within	
  vocabularies	
  to	
  define	
  large	
  sets	
  of	
  concepts	
  using	
  a	
  small	
  number	
  of	
  concepts	
  

•  Example:	
  	
  to	
  define	
  ‘all	
  malignancies	
  except	
  skin	
  cancer’,	
  we	
  select	
  all	
  ‘malignant	
  
neoplas;c	
  disease’	
  with	
  associated	
  descendants,	
  but	
  exclude	
  all	
  descendants	
  of	
  both	
  
‘squamous	
  cell	
  carcinoma’	
  and	
  ‘malignant	
  basal	
  cell	
  neoplasm	
  of	
  skin’	
  

•  Expansion	
  of	
  this	
  expression	
  defined	
  by	
  3	
  concepts	
  manifest	
  as	
  3,567	
  dis;nct	
  standard	
  
concepts	
  and	
  10,810	
  included	
  source	
  codes	
  



Garbe	
  et	
  al.	
  replica;on:	
  	
  
Implemen;ng	
  the	
  outcome	
  in	
  ATLAS	
  



Garbe	
  et	
  al.	
  replica;on:	
  	
  
Implemen;ng	
  the	
  outcome	
  cohort	
  in	
  ATLAS	
  

Ambigui;es	
  from	
  publica;on	
  which	
  require	
  detailed	
  specifica;on	
  in	
  a	
  complete	
  protocol:	
  
1)  How	
  do	
  we	
  determine	
  dis;nct	
  events	
  (and	
  not	
  misclassifica;on	
  con;nua;on	
  of	
  care	
  

for	
  prior	
  episode	
  as	
  incident	
  occurrence)?	
  
2)  How	
  does	
  ‘valida;on’	
  of	
  ICD9	
  codes	
  in	
  Italy	
  and	
  Canada	
  improve	
  your	
  confidence	
  in	
  

accuracy	
  of	
  ICD10	
  codes	
  in	
  Germany?	
  



Implemen;ng	
  the	
  outcome	
  cohort	
  in	
  ATLAS:	
  
Define	
  ‘UGIC’	
  concept	
  set	
  

•  Standard	
  concept	
  set	
  can	
  be	
  constructed	
  that	
  yields	
  a	
  specific	
  set	
  of	
  source	
  codes	
  
•  Standard	
  concepts	
  can	
  then	
  be	
  applied	
  to	
  other	
  databases	
  that	
  use	
  different	
  source	
  codes	
  



Implemen;ng	
  the	
  outcome	
  cohort	
  in	
  ATLAS:	
  
Define	
  ‘UGIC’	
  concept	
  set	
  

•  47	
  dis;nct	
  ICD10CM	
  codes	
  map	
  to	
  standard	
  concepts	
  
•  Complete	
  lis;ng	
  required	
  for	
  full	
  transparency,	
  rather	
  than	
  assuming	
  user	
  knows	
  

subcodes	
  within	
  hierarchy	
  (e.g.	
  NEVER	
  WRITE	
  ICD9	
  ###.*)	
  



Implemen;ng	
  the	
  outcome	
  cohort	
  in	
  ATLAS:	
  
Define	
  ‘UGIC’	
  concept	
  set	
  

•  47	
  dis;nct	
  ICD10CM	
  codes	
  map	
  to	
  standard	
  concepts…	
  
•  …but	
  so	
  do	
  126	
  ICD9CM	
  codes,	
  157	
  Read	
  codes,	
  27	
  OXMIS	
  codes,	
  etc.	
  
•  Using	
  one	
  standard	
  concept	
  defini;on	
  allows	
  consistent	
  applica;on	
  of	
  clinical	
  construct	
  

across	
  different	
  databases,	
  even	
  if	
  they	
  use	
  different	
  source	
  vocabularies	
  
•  Cross-­‐database	
  analyses	
  require	
  review	
  of	
  standard	
  concepts	
  and	
  mapped	
  source	
  codes	
  



Garbe	
  et	
  al.	
  replica;on:	
  	
  
Designing	
  the	
  sta;s;cal	
  analysis	
  in	
  ATLAS	
  



Garbe	
  et	
  al.	
  replica;on:	
  	
  
Designing	
  the	
  sta;s;cal	
  analysis	
  in	
  ATLAS	
  



The	
  choice	
  of	
  the	
  outcome	
  model	
  
defines	
  your	
  research	
  ques;on	
  
Logis3c	
  
regression	
  

Poisson	
  regression	
   Cox	
  propor3onal	
  
hazards	
  

How	
  the	
  
outcome	
  
cohort	
  is	
  
used	
  

Binary	
  classifier	
  of	
  
presence/	
  
absence	
  of	
  
outcome	
  during	
  
the	
  fixed	
  ;me-­‐at-­‐
risk	
  period	
  

Count	
  the	
  number	
  
of	
  occurrences	
  of	
  
outcomes	
  during	
  
;me-­‐at-­‐risk,	
  

Compute	
  ;me-­‐to-­‐event	
  
from	
  ;me-­‐at-­‐risk	
  start	
  
un;l	
  earliest	
  of	
  first	
  
occurrence	
  of	
  outcome	
  
or	
  ;me-­‐at-­‐risk	
  end,	
  and	
  
track	
  the	
  censoring	
  event	
  
(outcome	
  or	
  no	
  
outcome)	
  

‘Risk’	
  metric	
   Odds	
  ra;o	
   Rate	
  ra;o	
   Hazards	
  ra;o	
  

Key	
  model	
  
assump;ons	
  

Constant	
  
response	
  in	
  fixed	
  
window	
  

Outcomes	
  follow	
  
Poisson	
  
distribu;on	
  

Propor;onality	
  –	
  
constant	
  rela;ve	
  hazard	
  



Cohort	
  restric;on	
  decisions	
  



Cohort	
  restric;on	
  in	
  compara;ve	
  
cohort	
  analyses	
  

Ini;al	
  target	
  cohort	
  

Qualifying	
  	
  
target	
  cohort	
  

Analy;c	
  	
  
target	
  	
  
cohort	
  

Ini;al	
  comparator	
  cohort	
  

Qualifying	
  	
  
comparator	
  cohort	
  

Analy;c	
  
comparator	
  

cohort	
  



Two	
  forms	
  of	
  aTri;on	
  to	
  consider	
  as	
  
diagnos;cs	
  

1.	
  	
  Ini;al	
  cohort	
  à	
  Qualifying	
  cohort:	
  	
  (independent	
  from	
  analysis)	
  
	
  
How	
  did	
  addi;onal	
  inclusion	
  criteria	
  impact	
  the	
  propor;on	
  and	
  
composi;on	
  of	
  your	
  cohort?	
  	
  

Graham	
  replica;on:	
  comparator	
  cohort	
  –	
  warfarin	
  new	
  users	
  



Two	
  forms	
  of	
  aTri;on	
  to	
  consider	
  as	
  
diagnos;cs	
  

2.	
  	
  Qualifying	
  cohort	
  à	
  Analy;c	
  cohort	
  

How	
  did	
  analysis	
  restric;ons	
  
impact	
  the	
  propor;on	
  and	
  
composi;on	
  of	
  your	
  cohort?	
  	
  



Covariate	
  adjustment	
  strategy	
  



Propensity	
  score	
  introduc;on	
  

•  e(x)	
  =	
  Pr(Z=1|x)	
  
–  Z	
  is	
  treatment	
  assignment	
  
–  x	
  is	
  a	
  set	
  of	
  all	
  covariates	
  at	
  the	
  ;me	
  of	
  treatment	
  
assignment	
  

•  Propensity	
  score	
  =	
  probability	
  of	
  belonging	
  to	
  the	
  
target	
  cohort	
  vs.	
  the	
  comparator	
  cohort,	
  given	
  the	
  
baseline	
  covariates	
  

•  Propensity	
  score	
  can	
  be	
  used	
  as	
  a	
  ‘balancing	
  score’:	
  if	
  
the	
  two	
  cohorts	
  have	
  similar	
  propensity	
  score	
  
distribu;on,	
  then	
  the	
  distribu;on	
  of	
  covariates	
  should	
  	
  
be	
  the	
  similar	
  (need	
  to	
  perform	
  diagnos;c	
  to	
  check)	
  

Rubin	
  Biometrika	
  1983	
  



Intui;on	
  around	
  propensity	
  score	
  
balance	
  

Schneeweiss.	
  PDS	
  2011	
  



“Five	
  reasons	
  to	
  use	
  propensity	
  score	
  
in	
  pharmacoepidemiology”	
  

•  Theore;cal	
  advantages	
  
–  Confounding	
  by	
  indica;on	
  is	
  the	
  primary	
  threat	
  to	
  validity,	
  PS	
  focuses	
  

directly	
  on	
  indica;ons	
  for	
  use	
  and	
  non-­‐use	
  of	
  drug	
  under	
  study	
  
•  Value	
  of	
  propensity	
  scores	
  for	
  matching	
  or	
  trimming	
  the	
  popula;on	
  

–  Eliminate	
  ‘uncomparable’	
  controls	
  without	
  assump;ons	
  of	
  linear	
  
rela;onship	
  between	
  PS	
  and	
  outcome	
  

•  Improved	
  es;ma;on	
  with	
  few	
  outcomes	
  
–  PS	
  allows	
  matching	
  on	
  one	
  scalar	
  value	
  rather	
  than	
  needing	
  degrees	
  of	
  

freedom	
  for	
  all	
  covariates	
  
•  Propensity	
  score	
  by	
  treatment	
  interac;ons	
  

–  PS	
  enables	
  explora;on	
  of	
  pa;ent-­‐level	
  heterogeneity	
  in	
  response	
  
•  Propensity	
  score	
  calibra;on	
  to	
  correct	
  for	
  measurement	
  error	
  

Glynn	
  et	
  al,	
  BCPT	
  2006	
  



Covariate	
  selec;on	
  in	
  propensity	
  score	
  
modeling	
  

•  What	
  covariates	
  should	
  you	
  include	
  in	
  propensity	
  score	
  
model?	
  
–  Variables	
  that	
  predict	
  exposure	
  status	
  	
  (Rubin	
  Biometrika	
  
1983)	
  	
  

–  Variables	
  that	
  are	
  confounders,	
  associated	
  with	
  both	
  
exposure	
  and	
  outcome	
  (Schneeweiss	
  Epidemiology	
  2009)	
  

–  Variables	
  that	
  are	
  associated	
  with	
  outcomes	
  (Brookhart	
  
AJE	
  2006)	
  

•  Propensity	
  score	
  tends	
  to	
  balance	
  distribu;ons	
  of	
  
covariates	
  used	
  in	
  es;ma;on	
  
–  The	
  method	
  does	
  NOTHING	
  for	
  unmeasured	
  confounding	
  
or	
  other	
  covariates	
  not	
  entered	
  into	
  model	
  



My	
  perspec;ve	
  on	
  covariate	
  selec;on	
  

•  Choosing	
  the	
  ‘right’	
  variables	
  in	
  the	
  model	
  is	
  an	
  empirical	
  ques;on.	
  	
  
It	
  is	
  the	
  set	
  of	
  variables	
  that	
  yield	
  the	
  unbiased	
  es;mate	
  of	
  the	
  
effect	
  of	
  interest.	
  

•  The	
  goal	
  of	
  fixng	
  a	
  propensity	
  score	
  is	
  to	
  predict	
  treatment	
  
assignment,	
  so	
  a	
  reasonable	
  objec;ve	
  func;on	
  is	
  to	
  maximize	
  
discrimina;on	
  (AUC)	
  
	
  

•  Large-­‐scale	
  regression,	
  using	
  L1	
  regulariza;on	
  (LASSO),	
  that	
  uses	
  a	
  
large	
  set	
  of	
  poten;al	
  covariates	
  will	
  oYen	
  outperform	
  a	
  tradi;onal	
  
regression	
  that	
  uses	
  a	
  small	
  subset	
  of	
  those	
  covariates	
  
–  Regulariza;on	
  reduces	
  risk	
  of	
  model	
  overfixng,	
  by	
  only	
  selec;ng	
  the	
  

covariates	
  that	
  have	
  an	
  adequate	
  informa;on	
  component	
  
–  Covariates	
  that	
  aren’t	
  used	
  are	
  effec;vely	
  ‘unmeasured’	
  



Covariate	
  selec;on	
  in	
  ATLAS	
  



Design	
  choice:	
  	
  propensity	
  score	
  
trimming	
  by	
  percen;le	
  

•  Simula;on	
  studies	
  suggest	
  PS	
  trimming	
  may	
  eliminate	
  
confounding	
  due	
  to	
  extreme	
  pa;ents	
  with	
  ‘last	
  resort	
  
treatment’	
  or	
  ‘treatment	
  withhold’	
  

•  The	
  subpopula;on	
  you	
  select	
  may	
  be	
  systema;cally	
  different	
  
from	
  the	
  overall	
  popula;on	
  

Sturmer	
  AJE	
  2010	
  	
  



Propensity	
  score	
  trimming	
  by	
  
percen;le	
  in	
  ATLAS	
  



Design	
  choice:	
  	
  propensity	
  score	
  
trimming	
  by	
  equipoise	
  

•  Preference	
  score	
  (PREF)	
  =	
  propensity	
  score,	
  weighted	
  for	
  the	
  imbalance	
  in	
  
the	
  prevalence	
  of	
  the	
  target	
  vs.	
  comparator	
  cohort	
  

•  PREF=	
  0.5	
  means	
  equally	
  likely	
  to	
  belong	
  to	
  either	
  cohort	
  
•  Trimming	
  to	
  PREF	
  near	
  0.5	
  restricts	
  to	
  persons	
  who	
  had	
  reasonable	
  

probability	
  of	
  assignment	
  in	
  both	
  groups	
  (‘near	
  clinical	
  equipoise’)	
  

Idea	
  derived	
  from	
  Walker	
  CER	
  2013	
  	
  



Propensity	
  score	
  trimming	
  by	
  equipoise	
  
in	
  ATLAS	
  



Methods	
  for	
  confounding	
  adjustment	
  
using	
  a	
  propensity	
  score	
  

Garbe	
  et	
  al,	
  Eur	
  J	
  Clin	
  Pharmacol	
  2013,	
  hTp://www.ncbi.nlm.nih.gov/pubmed/22763756	
  

Fully	
  implemented	
  in	
  OHDSI	
  
CohortMethod	
  R	
  package	
  

Not	
  generally	
  recommended	
  



Propensity	
  score	
  adjustment	
  in	
  ATLAS	
  

Matching:	
  

Stra;fica;on:	
  



Outcome	
  model	
  covariate	
  adjustment	
  

•  Final	
  outcome	
  model	
  can	
  be	
  univariate	
  (es;mate	
  
effect	
  of	
  cohort	
  class	
  on	
  outcome	
  alone)	
  or	
  
mul;variate	
  (es;mate	
  effect	
  of	
  cohort	
  class	
  on	
  
outcome,	
  adjus;ng	
  for	
  other	
  baseline	
  covariates)	
  

•  If	
  propensity	
  score	
  matching	
  or	
  stra;fica;on	
  is	
  
used,	
  outcome	
  model	
  should	
  be	
  condi;onal	
  
regression	
  (es;mate	
  effect	
  of	
  cohort	
  class	
  on	
  
outcome	
  within	
  each	
  matched	
  set)	
  

•  Outcome	
  model	
  typically	
  bounded	
  by	
  degrees	
  of	
  
freedom;	
  can	
  only	
  include	
  addi;onal	
  covariates	
  if	
  
sufficient	
  number	
  of	
  outcomes	
  (rule	
  of	
  thumb:	
  10	
  
outcomes	
  per	
  extra	
  covariate)	
  



Outcome	
  model	
  covariate	
  adjustment	
  
in	
  ATLAS	
  



Nega;ve	
  control	
  outcomes	
  for	
  
empirical	
  calibra;on	
  

•  Observa;onal	
  data	
  analyses	
  may	
  have	
  residual	
  bias,	
  so	
  it’s	
  important	
  to	
  
perform	
  diagnos;cs	
  to	
  quan;fy	
  the	
  extent	
  of	
  this	
  poten;al	
  issue	
  

•  Bias	
  =	
  expected	
  value	
  of	
  the	
  error	
  distribu;on	
  (random	
  +	
  systema;c)	
  
•  Nega;ve	
  control	
  outcomes	
  can	
  be	
  used	
  efficiently	
  in	
  cohort	
  analyses	
  

–  Outcomes	
  which	
  have	
  no	
  evidence	
  about	
  associa;on	
  with	
  either	
  target	
  cohort	
  
or	
  outcome	
  cohort,	
  therefore	
  ‘true	
  RR’	
  assumed	
  to	
  equal	
  1	
  and	
  any	
  difference	
  
between	
  effect	
  es;mate	
  and	
  ‘true	
  RR’	
  can	
  be	
  classified	
  as	
  systema;c	
  error	
  

–  Conven;on:	
  find	
  outcomes	
  there	
  ‘absence	
  of	
  evidence’	
  can	
  be	
  inferred	
  to	
  be	
  
‘evidence	
  of	
  absence’:	
  
1.  not	
  listed	
  on	
  target/comparator	
  product	
  labels	
  
2.  not	
  co-­‐occurring	
  with	
  target/comparators	
  in	
  published	
  literature	
  (Medline)	
  
3.  don’t	
  have	
  increased	
  signal	
  score	
  from	
  spontaneous	
  adverse	
  event	
  repor;ng	
  (FAERS)	
  
4.  do	
  appear	
  with	
  adequate	
  prevalence	
  in	
  the	
  observa;onal	
  database	
  so	
  that	
  an	
  effect	
  could	
  

have	
  been	
  previously	
  observable	
  had	
  it	
  existed	
  

•  Sample	
  of	
  nega;ve	
  control	
  outcomes	
  (n>20)	
  can	
  be	
  used	
  to	
  es;mate	
  
‘empirical	
  null’	
  distribu;on,	
  which	
  can	
  then	
  be	
  used	
  to	
  empirically	
  
calibrate	
  p-­‐value	
  for	
  unknown	
  outcome	
  of	
  interest	
  



Pleasure	
  reading	
  to	
  mo;vate	
  use	
  of	
  
nega;ve	
  controls	
  

hTp://onlinelibrary.wiley.com/doi/10.1002/sim.5925/full	
  



Nega;ve	
  control	
  selec;on	
  in	
  ATLAS	
  



Puxng	
  it	
  all	
  together…	
  



ATLAS	
  print	
  friendly	
  –	
  the	
  start	
  of	
  your	
  
team’s	
  protocol	
  



ATLAS	
  R	
  code	
  –	
  the	
  start	
  of	
  your	
  team’s	
  
implementa;on	
  


