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Are Observational Studies Any 
Good?  

 
 David Madigan, Columbia University 
on behalf of the OMOP research team 

	  

“The sole cause and root of almost every defect in the sciences is this: that 
whilst we falsely admire and extol the powers of the human mind, we do not 
search for its real helps.” 
 
— Novum Organum: Aphorisms [Book One], 1620, Sir Francis Bacon 
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Observa;onal	  Studies	  

• A empirical study in which: 

• Examples: 

• smoking and heart disease 

• vitamin C and cancer survival 

• DES and vaginal cancer 

“The objective is to elucidate cause-and-effect relationships 
in which it is not feasible to use controlled 

experimentation” 

• aspirin and mortality 

• cocaine and birthweight 

• diet and mortality 
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Why	  does	  randomiza;on	  work?	  
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• The two groups are comparable at baseline 

• Could do a better job manually matching patients on 
18 characteristics listed, but no guarantees for other 
characteristics 

• Randomization did a good job without being told 
what the 18 characteristics were 

• Chance assignment could create some imbalances 
but the statistical methods account for this properly 
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The	  Hypothesis	  of	  No	  Treatment	  Effect	  

•  In	  a	  randomized	  experiment,	  can	  test	  this	  hypothesis	  
essen;ally	  without	  making	  any	  assump;ons	  at	  all	  

•  “no	  effect”	  formally	  means	  for	  each	  pa;ent	  the	  
outcome	  would	  have	  been	  the	  same	  regardless	  of	  
treatment	  assignment	  

•  Test	  sta;s;c,	  e.g.,	  propor;on	  (D|TT)-‐propor;on(D|PCI)	  
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Causal	  Inference	  View	  

•  Rubin	  causal	  model	  
–  Poten;al	  outcomes	  
	  Factual	  outcome	  
I	  am	  a	  smoker	  and	  I	  get	  lung	  cancer	  

	  Counterfactual	  outcome	  
If	  I	  had	  not	  been	  a	  smoker,	  I	  would	  not	  have	  go`en	  lung	  cancer	  

•  Define:	  
–  Zi	  :	  treatment	  applied	  to	  unit	  i	  (0=control,	  1=treat)	  
–  Yi	  (0)	  :	  response	  for	  unit	  i	  if	  Zi	  =	  0	  
–  Yi	  (1)	  :	  response	  for	  unit	  i	  if	  Zi	  =	  1	  
–  Unit	  level	  causal	  effect:	  Yi	  (1)	  -‐	  Yi	  (0)	  	  
–  Fundamental	  problem:	  only	  see	  one	  of	  these!	  
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Confounding	  and	  Causality	  

•  Confounding	  is	  a	  causal	  concept	  

•  “The	  associa;on	  in	  the	  combined	  D+d	  
popula;ons	  is	  confounded	  for	  the	  effect	  in	  
popula;on	  D”	  
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Why	  does	  this	  happen?	  

•  For	  confounding	  to	  occur	  there	  must	  be	  some	  
characteris;cs/covariates/condi;ons	  that	  
dis;nguish	  D	  from	  d.	  	  

•  However,	  the	  existence	  of	  such	  factors	  does	  not	  
in	  and	  of	  itself	  imply	  confounding.	  	  

•  For	  example,	  D	  could	  be	  males	  and	  d	  females	  but	  
it	  could	  s;ll	  be	  the	  case	  that	  b=c.	  
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Stra;fica;on	  can	  introduce	  confounding	  
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•  Data	  source:	  	  General	  Prac;ce	  Research	  Database	  
•  Study	  design:	  	  Nested	  case-‐control	  
•  Inclusion	  criteria:	  Age	  >	  40	  
•  Case:	  cancer	  diagnosis	  between	  1995-‐2005	  with	  12-‐months	  of	  follow-‐up	  pre-‐

diagnosis	  
•  5	  controls	  per	  case	  
•  Matched	  on	  age	  at	  index	  date,	  sex,	  prac;ce,	  observa;on	  period	  prior	  to	  index	  
•  Exposure	  defini;on:	  >=1	  prescrip;on	  during	  observa;on	  period	  
•  “RR”	  es;mated	  with	  condi;onal	  logis;c	  regression	  
•  Covariates:	  smoking,	  alcohol,	  BMI	  before	  outcome	  index	  date	  
•  Sensi;vity	  analyses:	  

•  exposure	  =	  2+	  prescrip;ons	  
•  covariates	  not	  missing	  
•  ;me-‐at-‐risk	  =	  >1	  yr	  post-‐exposure	  

•  Subgroup	  analyses:	  
•  Short	  vs.	  long	  exposure	  dura;on	  
•  Age,	  Sex,	  smoking,	  alcohol,	  BMI	  
•  Osteoporosis	  or	  osteopenia	  
•  Fracture	  pre-‐exposure	  
•  Prior	  diagnosis	  of	  Upper	  GI	  dx	  pre-‐exposure	  
•  NSAID,	  cor;costeroid,	  H2blocker,	  PPI	  u;liza;on	  pre-‐exposure	  

BMJ	  study	  design	  choices	  
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Do	  these	  choices	  ma`er?	  
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Range	  of	  es;mates	  across	  high-‐dimensional	  propensity	  
score	  incep;on	  cohort	  (HDPS)	  parameter	  senngs	  

Relative risk 

•  Each	  row	  represents	  a	  drug-‐
outcome	  pair.	  

•  The	  horizontal	  span	  reflects	  the	  
range	  of	  point	  es;mates	  observed	  
across	  the	  parameter	  senngs.	  

•  Ex.	  Benzodiazepine-‐Aplas;c	  
anemia:	  HDPS	  parameters	  vary	  in	  
es;mates	  from	  RR=	  0.76	  and	  2.70	  
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Parameter	  se+ngs	  explored	  in	  OMOP:	  
Washout	  period	  (1):	  180d	  
Surveillance	  window	  (3):	  	  30	  days	  from	  
exposure	  start;	  exposure	  +	  30d	  ;	  all	  ;me	  
from	  exposure	  start	  
Covariate	  eligibility	  window	  (3):	  30	  
days	  prior	  to	  exposure,	  180,	  all-‐;me	  
pre-‐exposure	  
#	  of	  confounders	  (2):	  100,	  500	  
covariates	  used	  to	  es;mate	  propensity	  
score	  
Propensity	  strata	  (2):	  5,	  20	  strata	  
Analysis	  strategy	  (3):	  	  Mantel-‐Haenszel	  
stra;fica;on	  (MH),	  propensity	  score	  
adjusted	  (PS),	  propensity	  strata	  
adjusted	  (PS2)	  
Comparator	  cohort	  (2):	  drugs	  with	  
same	  indica;on,	  not	  in	  same	  class;	  most	  
prevalent	  drug	  with	  same	  indica;on,	  
not	  in	  same	  class	  
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Range	  of	  es;mates	  across	  univariate	  self-‐controlled	  
case	  series	  (USCCS)	  parameter	  senngs	  

Relative risk 20 

 True - 

False + 
False - 

True + 

•  For	  Bisphosphonates-‐GI	  Ulcer	  hospitaliza;on,	  
USCCS	  using	  incident	  events,	  excluding	  the	  first	  day	  
of	  exposure,	  and	  using	  large	  prior	  of	  2:	  

•  When	  surveillance	  window	  =	  length	  of	  
exposure,	  no	  associa;on	  is	  observed	  

•  Adding	  30d	  of	  ;me-‐at-‐risk	  to	  the	  end	  of	  
exposure	  increased	  to	  a	  significant	  RR=1.14	  

USCCS	  Parameter	  se+ngs	  explored	  in	  
OMOP:	  
CondiCon	  type	  (2):	  first	  occurrence	  or	  all	  
occurrences	  of	  outcome	  
Defining	  exposure	  Cme-‐at-‐risk:	  
Days	  from	  exposure	  start	  (2):	  	  should	  we	  
include	  the	  drug	  start	  index	  date	  in	  the	  
period	  at	  risk?	  
Surveillance	  window	  (4):	  
30	  d	  from	  exposure	  start	  
Dura;on	  of	  exposure	  (drug	  era	  start	  through	  
drug	  era	  end)	  
Dura;on	  of	  exposure	  +	  30	  d	  
Dura;on	  of	  exposure	  +	  60	  d	  
Precision	  of	  Normal	  prior	  (4):	  0.5,	  0.8,	  1,	  2	  
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Fix	  everything	  except	  the	  database…	  
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Cohort	  
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SCCS	  
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JAMA 2010; 304(6): 
657-663 
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Does	  this	  stuff	  work	  at	  all?	  
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OMOP	  2010/2011	  Research	  Experiment	  
OMOP Methods Library 
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Angioedema 
Aplastic Anemia 
Acute Liver Injury 
Bleeding 
Hip Fracture 
Hospitalization 
Myocardial Infarction 
Mortality after MI 
Renal Failure 
GI Ulcer Hospitalization 

Legend Total
2
9

44

True positive' benefit
True positive' risk
Negative control'

•  10 data sources  
•  Claims and EHRs 
•  200M+ lives 
•  OSIM  

•  14 methods  
•  Epidemiology designs  
•  Statistical approaches 

adapted for longitudinal 
data 

•  Open-source 
•  Standards-based 

Positives: 9 
Negatives: 44 
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OMOP	  2011/2012	  Research	  

Drug-outcome pairs Methods development 

Observational data 

 + EU-ADR replication 

Methods enhancements 
•   Multivariate self-controlled case series 
Increased parameterization 
•  Case-control, new user cohort designs 
Application of existing tools 
•  ICTPD, OS, LGPS, DP 

Real-world 
performance: 

Thomson MarketScan GE + OMOP Distributed Partners 
+ EU-ADR network 

OSIM2	  
Simulated data: 

signal	  

•  Strength (RR) 
•  Type (timing) 

•  Improve HOI definitions 
• Explore false positives 

 

• Expand CDM for additional use cases 

• Evaluate study design 
decisions (EDDIE) 

Positives Negatives
Total 165 234
Myocardial	  Infarction 36 66
Upper	  GI	  Bleed 24 67
Acute	  Liver	  Injury 81 37
Acute	  Renal	  Failure 24 64
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Criteria	  for	  posi;ve	  controls:	  
•  Event	  listed	  in	  Boxed	  Warning	  or	  Warnings/Precau;ons	  sec;on	  of	  ac;ve	  FDA	  
structured	  product	  label	  

•  Drug	  listed	  as	  ‘causa;ve	  agent’	  in	  Tisdale	  et	  al,	  2010:	  “Drug-‐Induced	  Diseases”	  
•  Literature	  review	  iden;fied	  no	  powered	  studies	  with	  refu;ng	  evidence	  of	  effect	  

Ground	  truth	  for	  OMOP	  2011/2012	  experiments	  

Positive	  
controls

Negative	  
controls Total

Acute	  Liver	  Injury 81 37 118
Acute	  Myocardial	  Infarction 36 66 102
Acute	  Renal	  Failure 24 64 88
Upper	  Gastrointestinal	  Bleeding 24 67 91
	  	  	  	  Total 165 234 399

isoniazid	  

indomethacin	  

ibuprofen	  
sertraline	  

Criteria	  for	  nega;ve	  controls:	  
•  Event	  not	  listed	  anywhere	  in	  any	  sec;on	  of	  ac;ve	  FDA	  structured	  product	  label	  
•  Drug	  not	  listed	  as	  ‘causa;ve	  agent’	  in	  Tisdale	  et	  al,	  2010:	  “Drug-‐Induced	  Diseases”	  
•  Literature	  review	  iden;fied	  no	  powered	  studies	  with	  evidence	  of	  poten;al	  posi;ve	  
associa;on	  

flu;casone	  

clindamycin	  

loratadine	  
pioglitazone	  
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Exploring	  isoniazid	  and	  acute	  liver	  injury	  
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•  Data	  source:	  Administra;ve	  claims	  from	  health	  insurance	  board	  of	  Quebec	  
•  Study	  design:	  Cohort	  
•  Exposure:	  all	  pa;ents	  dispensed	  >=30d	  of	  therapy,	  180d	  washout	  
•  Unexposed	  cohort:	  2	  pa;ents	  per	  exposed,	  matched	  by	  age,	  gender,	  and	  

region,	  with	  no	  tuberculosis	  therapy	  
•  Time-‐at-‐risk:	  	  Length	  of	  exposure	  +	  60	  days	  
•  Events:	  Incident	  hospital	  admission	  for	  noninfec;ous	  or	  toxic	  hepa;;s	  
•  “Event	  ra;o”	  es;mated	  with	  condi;onal	  logis;c	  regression	  
•  Covariates:	  prior	  hospitaliza;on,	  Charlson	  score,	  comorbidi;es	  

	  

Smith	  et	  al.	  2011	  study	  design	  and	  results	  
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•  Data	  source:	  MarketScan	  Medicare	  Beneficiaries	  (MDCR)	  
•  Study	  design:	  Cohort	  
•  Exposure:	  all	  pa;ents	  dispensed	  new	  use	  of	  isoniazid,	  180d	  washout	  
•  Unexposed	  cohort:	  Pa;ent	  with	  indicated	  diagnosis	  (e.g.	  pulmonary	  

tuberculosis)	  but	  no	  exposure	  to	  isoniazid;	  nega;ve	  control	  drug	  referents	  
•  Time-‐at-‐risk:	  	  Length	  of	  exposure	  +	  30	  days,	  censored	  at	  incident	  events	  
•  Covariates:	  age,	  sex,	  index	  year,	  Charlson	  score,	  number	  of	  prior	  visits,	  all	  

prior	  medica;ons,	  all	  comorbidi;es,	  all	  priority	  procedures	  
•  “Odds	  ra;o”	  es;mated	  through	  propensity	  score	  stra;fica;on	  (20	  strata)	  

Revisi;ng	  the	  isoniazid	  –	  acute	  liver	  injury	  example	  

What	  if	  this	  study	  design	  were	  
applied	  consistently	  across	  all	  the	  
posi;ve	  and	  nega;ve	  controls?	  
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Receiver	  Opera;ng	  Characteris;c	  (ROC)	  curve	  

False positive rate (1-Specificity) 
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•  ROC	  plots	  sensi;vity	  vs.	  
false	  posi;ve	  rate	  

•  Rank-‐order	  all	  pairs	  by	  
RR	  from	  largest	  to	  
smallest	  

•  Calculate	  sensi;vity	  and	  
specificity	  at	  all	  possible	  
RR	  thresholds	  

Isoniazid	  (RR=4.04):	  
Sensi;vity	  =	  4%	  
Specificity	  =	  98%	  

•  Area	  under	  ROC	  curve	  (AUC)	  
provides	  probability	  that	  method	  
will	  score	  a	  randomly	  chosen	  true	  
posi;ve	  drug-‐outcome	  pair	  higher	  
than	  a	  random	  unrelated	  drug-‐
outcome	  pair	  

•  AUC=1	  is	  perfect	  predic;ve	  model	  
•  AUC=0.50	  is	  random	  guessing	  
(diagonal	  line)	  

•  Cohort	  method	  on	  MDCR:	  	  	  
AUC	  =	  0.64	  
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Senng	  thresholds	  from	  an	  ROC	  curve	  

False positive rate (1-Specificity) 
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If	  threshold	  set	  to	  RR=2:	  
Sensi;vity	  =	  26%	  
Specificity	  =	  90%	  

If	  target	  sensi;vity	  =	  50%:	  
RR	  Threshold	  =	  1.25	  
Specificity	  =	  69%	  

If	  target	  specificity	  =	  95%:	  
RR	  Threshold	  =	  2.87	  
Sensi;vity	  =	  10%	  

•  Cohort	  method	  on	  MDCR:	  	  AUC	  =	  0.64	  
•  AUC	  suggests	  that	  this	  method	  is	  
modestly	  predic;ve,	  on	  the	  low	  end	  of	  
diagnos;c	  tests	  used	  in	  clinical	  prac;ce,	  
but	  at	  any	  given	  threshold	  there	  is	  a	  
high	  false	  posi;ve	  rate	  and/or	  false	  
nega;ve	  rate	  	  

•  Ques;on:	  	  what	  strategies	  can	  be	  
applied	  to	  do	  even	  be`er?	  
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•  Stra;fy	  results	  by	  outcome	  
•  Tailor	  analysis	  to	  outcome	  
•  Restrict	  to	  sufficient	  sample	  size	  
•  Op;mize	  analysis	  to	  the	  data	  source	  

Strategies	  to	  improve	  predic;ve	  accuracy	  
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Performance	  axer	  applying	  these	  strategies	  

False positive rate (1-Specificity) 
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AUC=0.92 AUC=0.76 

AUC=0.84 AUC=0.86 

Positives: 19 
Negatives: 41 

Positives: 51 
Negatives: 28 

Positives: 30 
Negatives: 48 

Positives: 22 
Negatives: 47 

•  Restric;ng	  to	  drugs	  with	  sufficient	  sample	  
further	  increased	  AUC	  for	  all	  outcomes,	  but	  
the	  degree	  of	  change	  varied	  by	  outcome	  

•  Increased	  predic;on	  comes	  as	  tradeoff	  with	  
fewer	  drugs	  under	  surveillance	  

•  Self-‐controlled	  cohort	  design	  con;nue	  to	  
be	  op;mal	  design,	  but	  specific	  senngs	  
changed	  in	  all	  outcomes	  
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To	  recap	  the	  improvements	  that	  could	  be	  achieved	  by	  
following	  these	  ideas…	  

Before: One method applied to all test cases 

Outcome	   AUC	   Threshold	   Specificity	  

Acute	  kidney	  injury	   0.92	   2.69	   95%	  

Acute	  liver	  injury	   0.76	   1.51	   89%	  

Acute	  myocardial	  infarc;on	   0.84	   1.59	   92%	  

GI	  bleed	   0.86	   1.87	   94%	  

Outcome	   AUC	   Threshold	   Specificity	  

All	   0.64	   1.25	   69%	  

If sensitivity = 50%: 

If sensitivity = 50%: 
After: Partitioning, tailoring, restriction 

In MDCR 
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Data	  source	   Acute	  kidney	  
injury	  

Acute	  liver	  
injury	  

Acute	  
myocardial	  
infarcCon	  

GI	  bleed	  

MDCR	  
	  
(0.92)	  

	  
(0.76)	  

	  
(0.84)	  

	  
(0.86)	  

CCAE	  
	  
(0.89)	  

	  
(0.79)	  

	  
(0.85)	  

	  
(0.82)	  

MDCD	  
	  
(0.82)	  

	  
(0.77)	  

	  
(0.80)	  

	  
(0.87)	  

MSLR	  
	  
(1.00)	  

	  
(0.84)	  

	  
(0.80)	  

	  
(0.83)	  

GE	  
	  
(0.94)	  

	  
(0.77)	  

	  
(0.89)	  

	  
(0.89)	  

Data	  source	   Acute	  kidney	  
injury	  

Acute	  liver	  
injury	  

Acute	  
myocardial	  
infarcCon	  

GI	  bleed	  

MDCR	  
OS	  
(0.92)	  

OS	  
(0.76)	  

OS	  
(0.84)	  

OS	  
(0.86)	  

CCAE	  
OS	  
(0.89)	  

OS	  
(0.79)	  

OS	  
(0.85)	  

SCCS	  
(0.82)	  

MDCD	  
OS	  
(0.82)	  

OS	  
(0.77)	  

OS	  
(0.80)	  

OS	  
(0.87)	  

MSLR	  
SCCS	  
(1.00)	  

OS	  
(0.84)	  

OS	  
(0.80)	  

OS	  
(0.83)	  

GE	  
SCCS	  
(0.94)	  

OS	  
(0.77)	  

ICTPD	  
(0.89)	  

ICTPD	  
(0.89)	  

Data	  source	   Acute	  kidney	  
injury	  

Acute	  liver	  
injury	  

Acute	  
myocardial	  
infarcCon	  

GI	  bleed	  

MDCR	  
OS:	  401002	  
(0.92)	  

OS:	  401002	  
(0.76)	  

OS:	  407002	  
(0.84)	  

OS:	  402002	  
(0.86)	  

CCAE	  
OS:	  404002	  
(0.89)	  

OS:	  403002	  
(0.79)	  

OS:	  408013	  
(0.85)	  

SCCS:	  1931010	  
(0.82)	  

MDCD	  
OS:	  408013	  
(0.82)	  

OS:	  409013	  
(0.77)	  

OS:	  407004	  
(0.80)	  

OS:	  401004	  
(0.87)	  

MSLR	  
SCCS:	  1939009	  
(1.00)	  

OS:	  406002	  
(0.84)	  

OS:	  403002	  
(0.80)	  

OS:	  403002	  
(0.83)	  

GE	  
SCCS:	  1949010	  
(0.94)	  

OS:	  409002	  
(0.77)	  

ICTPD:	  3016001	  
(0.89)	  

ICTPD:	  3034001	  
(0.89)	  

Op;mal	  methods	  (AUC)	  by	  outcome	  and	  data	  source	  

•  Self-‐controlled	  designs	  are	  op;mal	  across	  all	  outcomes	  and	  all	  sources,	  but	  the	  
specific	  senngs	  are	  different	  in	  each	  scenario	  

•  AUC	  >	  0.80	  in	  all	  sources	  for	  acute	  kidney	  injury,	  acute	  MI,	  and	  GI	  bleed	  
•  Acute	  liver	  injury	  has	  consistently	  lower	  predic;ve	  accuracy	  
•  No	  evidence	  that	  any	  data	  source	  is	  consistently	  be`er	  or	  worse	  than	  others	  
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•  …it	  all	  depends	  on	  your	  tolerance	  of	  false	  posi;ves	  
and	  false	  nega;ves…	  

•  …but	  we’ve	  created	  a	  tool	  to	  let	  you	  decide	  

Good	  performance?	  

http://elmo.omop.org 
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•  Performance	  of	  different	  methods	  
–  Self-‐controlled	  designs	  appear	  to	  consistently	  perform	  well	  

•  Evalua;ng	  alterna;ve	  HOI	  defini;ons	  
–  Broader	  defini;ons	  have	  be`er	  coverage	  and	  comparable	  

performance	  to	  more	  specific	  defini;ons	  

•  Performance	  across	  different	  signal	  sizes	  
–  A	  risk	  iden;fica;on	  system	  should	  confidently	  discriminate	  posi;ve	  

effects	  with	  RR>2	  from	  nega;ve	  controls	  

•  Data	  source	  heterogeneity	  
–  Substan;al	  varia;on	  in	  es;mates	  across	  sources	  suggest	  replica;on	  

has	  value	  but	  may	  result	  in	  conflic;ng	  results	  

•  Method	  parameter	  sensi;vity	  
–  Each	  method	  has	  parameters	  that	  are	  expected	  to	  be	  more	  sensi;ve	  

than	  others,	  but	  all	  parameters	  can	  substan;ally	  shix	  some	  drug-‐
outcome	  es;mates	  	  

Takeaways	  from	  insights	  about	  risk	  iden;fica;on	  
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Revisi;ng	  clopidogrel	  &	  GI	  bleed	  (Opatrny,	  2008)	  

Rela;ve	  risk:	  1.86,	  95%	  CI:	  1.79	  –	  1.93	  
	  

OMOP, 2012 (CC: 2000314, CCAE, GI Bleed) 
 

Standard error: 0.02, p-value: <.001 
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Null	  distribu;on	  
CC: 2000314, CCAE, GI Bleed 

(Log scale) 
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Null	  distribu;on	  

Some	  drug	  

CC: 2000314, CCAE, GI Bleed 

(Log scale) 
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Null	  distribu;on	  

clopidogrel	  

CC: 2000314, CCAE, GI Bleed 

(Log scale) 
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•  Current	  p-‐value	  calcula;on	  assumes	  that	  you	  have	  
an	  unbiased	  es;mator	  (which	  means	  confounding	  
either	  doesn’t	  exist	  or	  has	  been	  fully	  corrected	  for)	  

•  Tradi;onally,	  we	  reject	  the	  null	  hypothesis	  at	  p<.05	  
and	  we	  assume	  this	  threshold	  will	  incorrectly	  reject	  
the	  null	  hypothesis	  5%	  of	  ;me.	  Does	  this	  hold	  true	  in	  
observa;onal	  studies?	  

•  We	  can	  test	  this	  using	  our	  nega;ve	  controls	  

Evalua;ng	  the	  null	  distribu;on?	  



45	  

Ground	  truth	  for	  OMOP	  2011/2012	  experiments	  

Positive	  
controls

Negative	  
controls Total

Acute	  Liver	  Injury 81 37 118
Acute	  Myocardial	  Infarction 36 66 102
Acute	  Renal	  Failure 24 64 88
Upper	  Gastrointestinal	  Bleeding 24 67 91
	  	  	  	  Total 165 234 399

Criteria	  for	  nega;ve	  controls:	  
•  Event	  not	  listed	  anywhere	  in	  any	  sec;on	  of	  ac;ve	  FDA	  structured	  product	  label	  
•  Drug	  not	  listed	  as	  ‘causa;ve	  agent’	  in	  Tisdale	  et	  al,	  2010:	  “Drug-‐Induced	  
Diseases”	  

•  Literature	  review	  iden;fied	  no	  evidence	  of	  poten;al	  posi;ve	  associa;on	  
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Nega;ve	  controls	  &	  the	  null	  distribu;on	  	  
CC: 2000314, CCAE, GI Bleed 

clopidogrel	  
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Nega;ve	  controls	  &	  the	  null	  distribu;on	  	  
CC: 2000314, CCAE, GI Bleed 

55%	  of	  these	  
nega;ve	  controls	  

have	  p	  <	  .05	  
(Expected:	  5%)	  
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Nega;ve	  controls	  &	  the	  null	  distribu;on	  	  
CC: 2000314, CCAE, GI Bleed 
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Nega;ve	  controls	  &	  the	  null	  distribu;on	  	  
CC: 2000314, CCAE, GI Bleed 
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p-‐value	  calibra;on	  plot	  
CC: 2000314, CCAE, GI Bleed 
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p-‐value	  calibra;on	  plot	  
CC: 2000314, CCAE, GI Bleed 
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p-‐value	  calibra;on	  plot	  
CC: 2000314, CCAE, GI Bleed 
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p-‐value	  calibra;on	  plot	  
CC: 2000314, CCAE, GI Bleed 

p	  <	  .05	   55%	  
Calibrated	  p	  <	  .05	   6%	  

clopidogrel	  

clopidogrel:	  
RR	  	   1.9	  (1.8	  –	  1.9)	  
p	   <.001	  
Calibrated	  p	   .30	  
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p-‐value	  calibra;on	  plot	  
CC: 2000314, CCAE, GI Bleed 

This	  analysis	  failed	  to	  
reject	  the	  empirical	  null	  

clopidogrel	  

…	  but	  we	  know	  
clopidogrel	  causes	  GI	  
bleeding	  (it’s	  a	  posi;ve	  

control)	  
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p-‐value	  calibra;on	  plot	  
Optimal method: SCCS:1931010, CCAE, GI Bleed 

p	  <	  .05	   33%	  
Calibrated	  p	  <	  .05	   9%	  

clopidogrel:	  
RR	  	   1.3	  (1.2	  –	  1.3)	  
p	   <.001	  
Calibrated	  p	   .01	  
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•  Tradi;onal	  p-‐values	  are	  based	  on	  a	  theore;cal	  null	  
distribu;on	  assuming	  an	  unbiased	  es;mator,	  but	  that	  
assump;on	  rarely	  holds	  in	  our	  examples	  	  

•  One	  can	  es;mate	  the	  empirical	  null	  distribu;on	  using	  
nega;ve	  controls	  

•  Many	  observa;onal	  study	  results	  with	  tradi;onal	  p	  <	  .05	  fail	  
to	  reject	  the	  empirical	  null:	  we	  cannot	  dis;nguish	  them	  from	  
nega;ve	  controls	  

•  Applying	  op;mal	  methods,	  tailored	  to	  the	  outcome	  and	  
database,	  can	  provide	  es;mates	  that	  reject	  the	  null	  
hypothesis	  for	  some	  of	  our	  posi;ve	  controls	  

•  Using	  adjusted	  p-‐values	  will	  provide	  a	  more	  calibrated	  
assessment	  of	  whether	  an	  observed	  es;mate	  is	  different	  from	  
'no	  effect'	  

Recap	  
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•  	  Can	  you	  reject	  the	  null	  hypothesis	  of	  no	  
associa;on	  between	  the	  drug	  and	  outcome	  at	  a	  
given	  significance	  level	  (ex:	  p<.05)?	  

	  
•  New	  ques;on:	  	  What	  is	  the	  probability	  that	  
observed	  confidence	  interval	  contains	  the	  true	  
effect	  size?	  

What	  have	  we	  learned	  so	  far?	  

Is there 
an effect? 

How big is 
the effect? 
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•  What	  if	  a	  study	  design	  could	  be	  applied	  across	  a	  large	  sample	  
of	  drug-‐outcome	  pairs	  for	  which	  we	  know	  the	  true	  effect?	  

•  Coverage	  probability:	  the	  percentage	  of	  the	  test	  cases	  where	  
the	  es;mated	  confidence	  interval	  contains	  the	  true	  effect	  	  
	  (LB	  95	  CI	  <=	  true	  effect	  <=	  UB	  95	  CI)	  

•  Challenge:	  	  in	  real	  data,	  the	  ‘true	  effect	  size’	  for	  nega;ve	  
controls	  can	  be	  assumed	  to	  be	  RR=1,	  but	  the	  RRs	  for	  posi;ve	  
controls	  are	  not	  known	  

•  In	  simulated	  data	  (OSIM2),	  we	  can	  inject	  signals	  with	  known	  
effect	  sizes	  (RR=1.25,	  1.50,	  2,	  4,	  10)	  across	  a	  sample	  of	  drug-‐
outcome	  scenarios	  and	  es;mate	  the	  coverage	  probability	  

Es;ma;ng	  coverage	  probability	  
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Applying	  case-‐control	  design	  to	  nega;ve	  controls	  in	  
real	  data	  

45%	  of	  the	  CIs	  of	  
nega;ve	  controls	  

contain	  1	  	  
(Expected:	  95%)	  
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Applying case-control design in simulated data, 
RR=1.0 

75%	  of	  the	  CIs	  of	  
nega;ve	  controls	  

contain	  1	  	  
(Expected:	  95%)	  



61	  

Applying	  case-‐control	  design	  to	  posi;ve	  controls	  in	  
simulated	  data,	  RR=1.25	  

54%	  coverage	  
(Expected:	  95%)	  
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Applying	  case-‐control	  design	  to	  posi;ve	  controls	  in	  
simulated	  data,	  RR=1.50	  

46%	  coverage	  
(Expected:	  95%)	  
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Applying	  case-‐control	  design	  to	  posi;ve	  controls	  in	  
simulated	  data,	  RR=2.00	  

42%	  coverage	  
(Expected:	  95%)	  
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Applying	  case-‐control	  design	  to	  posi;ve	  controls	  in	  
simulated	  data,	  RR=4.00	  

25%	  coverage	  
(Expected:	  95%)	  
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Original	  coverage	  probability	  =	  54%	   Calibrated	  coverage	  probability	  =	  96%	  

Applying	  case-‐control	  design	  and	  calibra;ng	  es;mates	  of	  
posi;ve	  controls	  in	  simulated	  data,	  RR=1.25	  
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Original	  coverage	  probability	  =	  46%	   Calibrated	  coverage	  probability	  =	  92%	  

Applying	  case-‐control	  design	  and	  calibra;ng	  es;mates	  of	  
posi;ve	  controls	  in	  simulated	  data,	  RR=1.50	  
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Original	  coverage	  probability	  =	  42%	   Calibrated	  coverage	  probability	  =	  92%	  

Applying	  case-‐control	  design	  and	  calibra;ng	  es;mates	  of	  
posi;ve	  controls	  in	  simulated	  data,	  RR=2.00	  
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Original	  coverage	  probability	  =	  25%	   Calibrated	  coverage	  probability	  =	  100%	  

Applying	  case-‐control	  design	  and	  calibra;ng	  es;mates	  of	  
posi;ve	  controls	  in	  simulated	  data,	  RR=4.00	  
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‘True RR’ – injected signal size 
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Coverage	  probability	  by	  effect	  size	  
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•  Tradi;onal	  interpreta;on	  of	  95%	  confidence	  interval,	  that	  the	  
CI	  covers	  the	  true	  effect	  size	  95%	  of	  the	  ;me,	  may	  be	  
misleading	  in	  the	  context	  of	  observa;onal	  database	  studies	  
–  Coverage	  probability	  is	  much	  lower	  across	  all	  methods	  and	  all	  

outcomes	  
–  Results	  were	  consistent	  across	  real	  data	  and	  simulated	  data	  

•  Empirical	  adjustment	  of	  confidence	  intervals	  yields	  more	  
robust	  coverage	  probabili;es	  across	  most	  method-‐outcome	  
scenarios	  

•  Further	  research	  for	  developing	  heuris;cs	  to	  adjust	  
confidence	  intervals	  could	  yield	  more	  reliable	  interpreta;on,	  
but	  empirical	  approach	  would	  require	  confidence	  that	  
simulated	  data	  adequately	  reflects	  the	  real	  world	  data	  

Recap	  
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•  Strategies	  to	  improve	  performance:	  
–  Par;;on	  results	  by	  outcome	  
–  Tailor	  analysis	  to	  outcome	  
–  Restrict	  to	  sufficient	  sample	  size	  
–  Op;mize	  analysis	  to	  the	  data	  source	  

•  OMOP’s	  experimental	  evidence	  suggests	  that	  
following	  these	  strategies	  may	  yield	  predic;ve	  
accuracy	  at	  or	  be`er	  than	  most	  clinical	  screening	  
tools	  used	  in	  standard	  prac;ce	  

Lessons	  for	  building	  a	  risk	  iden;fica;on	  system	  
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•  Where	  we	  are	  now:	  
–  Given	  the	  diversity	  in	  performance	  and	  heterogeneity	  in	  
es;mates,	  we	  cau;on	  against	  generalizing	  these	  results	  to	  
other	  outcomes	  or	  other	  data	  sources	  

–  If	  you	  want	  to	  apply	  risk	  iden;fica;on	  to	  different	  
outcomes	  and/or	  different	  data	  sources,	  we	  suggest	  
performing	  an	  empirical	  assessment	  to	  establish	  best	  
prac;ce	  and	  benchmark	  performance	  

•  Poten;al	  next	  step:	  
–  conduct	  similar	  experiment	  for	  addi;onal	  19	  outcomes	  
iden;fied	  by	  EUADR1	  as	  high-‐priority	  safety	  issues	  

–  Once	  23	  HOIs	  complete,	  re-‐assess	  whether	  pa`erns	  
emerge	  that	  would	  allow	  generaliza;on	  to	  other	  outcomes	  

	  

Lessons	  for	  building	  a	  risk	  iden;fica;on	  system	  

1Trifiro et al, PDS 2009 
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•  Using	  the	  OMOP	  approach,	  a	  risk	  iden;fica;on	  
system	  can	  perform	  at	  AUC>0.80	  

•  Tradi;onal	  p-‐values	  and	  confidence	  intervals	  require	  
empirical	  calibra;on	  to	  account	  for	  bias	  in	  
observa;onal	  studies	  

•  Advancing	  the	  science	  of	  observa;onal	  research	  
requires	  an	  empirical	  and	  reproducible	  approach	  to	  
methodology	  and	  systema;c	  applica;on	  

Conclusions	  
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Predic;ve	  Modeling	  
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New	  Focus…	  

75 

Given	  a	  pa;ent’s	  clinical	  
observa;ons	  in	  the	  

past….	  

…can	  we	  predict	  
outcomes	  for	  that	  

pa;ent	  in	  the	  future?	  
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Pa;ent-‐centered	  predic;ve	  modeling	  on	  big	  data	  	  
has	  big	  value	  and	  big	  interest	  

76 http://www.heritagehealthprize.com/ 
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Gail	  Breast	  Cancer	  Model	  

78 
concordance coefficient 
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Pa;ent-‐centered	  predic;ve	  models	  are	  already	  in	  
clinical	  prac;ce	  

79 

CHADS2	  for	  pa;ents	  with	  
atrial	  fibrilla;on:	  

+1	  	  Conges;ve	  heart	  failure	  
+1	  	  Hypertension	  
+1	  	  Age	  >=	  75	  
+1	  	  Diabetes	  mellitus	  
+2	  	  History	  of	  transient	  
ischemic	  a`ack	  

JAMA, 2001; 285: 2864-2870 
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Applying	  CHADS2	  to	  a	  pa;ent	  

81 

Given	  five	  pre-‐defined	  
predictors	  in	  the	  past….	  

…can	  we	  predict	  stroke	  
in	  the	  future?	  

Ou
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1 1 0 0 0 1
0 1 1 0 0 0
0 1 1 1 0 1
1 1 1 0 1 0
0 0 1 0 0 0
1 1 1 1 0 0
0 0 0 1 1 0
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Evalua;ng	  the	  predic;ve	  accuracy	  of	  CHADS2	  

82 

JAMA, 2001; 285: 2864-2870 
AUC	  =	  0.82	  (0.80	  –	  0.84)	  

AUC	  =	  0.63	  (0.52	  –	  0.75)	  

Thromb Haemost 2011; 106: 528–538 
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•  What	  about	  other	  measures	  of	  CHADS2	  predictors?	  
–  Disease	  severity	  and	  progression	  
– Medica;on	  adherence	  
–  Health	  service	  u;liza;on	  

•  What	  about	  other	  known	  risk	  factors?	  
–  Hypercholesterolemia	  
–  Atherosclerosis	  
–  An;coagulant	  exposure	  
–  Tobacco	  use	  
–  Alcohol	  use	  
–  Obesity	  
–  Family	  history	  of	  stroke	  

•  What	  about	  other	  unknown	  risk	  factors?	  

Is	  CHADS2	  as	  good	  as	  we	  can	  do?	  

83 
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High-‐dimensional	  analy;cs	  can	  help	  reframe	  the	  
predic;on	  problem	  	  

84 

Given	  all	  clinical	  
observa;ons	  in	  the	  

past….	  

…can	  we	  predict	  any	  
outcome	  in	  the	  future?	  
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Pro
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	  n

La
b	  1
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b	  2

… La
b	  n

0 76 M B 441 0 0 1 1 1 1 1 1 0 1 0 1 1 0 1 1
1 77 F W 521 1 0 0 1 0 0 1 1 0 0 0 0 1 0 0 0
1 96 F B 215 1 1 1 0 1 0 1 1 1 0 0 0 1 1 0 1
1 76 F B 646 0 1 0 0 1 0 1 1 0 0 0 0 1 0 1 0
0 64 M B 379 0 0 1 1 1 1 0 1 1 1 0 1 0 0 0 0
1 74 M W 627 0 1 1 1 0 0 1 1 0 1 1 1 1 0 0 1
1 68 M B 348 0 0 0 1 0 0 1 0 1 1 1 0 1 1 0 1

Demographics All	  drugs All	  conditions All	  procedures All	  lab	  values

Modern	  predic;ve	  modeling	  techniques,	  
such	  as	  Bayesian	  logis;c	  regression,	  	  can	  
handle	  millions	  of	  covariates.	  	  The	  challenge	  
is	  crea;ng	  covariates	  that	  might	  be	  
meaningful	  for	  the	  outcome	  of	  interest	  
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Tools	  for	  Large-‐Scale	  Regression	  

85 

BBR/BMR 

bayesianregression.org 
logistic, multinomial 
L1, L2 regularization 
sparse è millions of predictors 
hierarchical, priors, autosearch 
stable 

BXR bayesianregression.org 
cleaner 

BOXER 

online logistic regression 

Suchard 

bsccs.googlecode.com 
logistic, conditional logistic, 
multinomial, Poisson, Cox, 
ParamSurv, least squares 
L1, L2 regularization 
sparse è millions of predictors 
imputation 
CPU, GPU 

Full Bayes? 



86	  

Methodological	  Challenges	  

86 

Central challenge: how to extract features from a longitudinal health record? 
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Sparse	  Coding:	  Learning	  Good	  Features	  

87 

•  Express each input vector as a linear combination of basis vectors 

•  Learn the basis and the weights: 

•  Supervised sparse coding 
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Decision	  Tree	  Approach	  

88 

(>-30, appendectomy, Y/N):  
 in the last 30 days, did the patient have an appendectomy? 

 
(<0, max(SBP), 140):  

 at any time in the past did the patient’s systolic blood pressure 
exceed 140 mmHg? 
 
(<-90, rofecoxib, Y/N):  

 in the time period up to 90 days ago, did the patient have a 
prescription for rofecoxib? 
 
(>-7, fever, Y/N):  

 in the last week, did the patient have a fever?  
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Rule	  Mining	  

89 

•  Goal: Predict next event in current sequence given sequence 
database 

•  Association Rules: 
•  item 1 and item 2 è item 3 
•  Recommender systems 
•  Built-in explanation 
 
 

McCormick, Rudin, Madigan 

•  (Bayesian) Hierarchical Association Rule Mining 
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Predic;ng	  Medical	  Condi;ons	  	  

90 

•  Patients visit providers periodically 

•  Report time-stamped series of conditions since last encounter 

•  Predict next condition given past sequences 
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Methodological	  Challenges	  

92 

Pr(Stroke | X) = Σ Pr(Stroke | X, t) Pr(X | t) 

X 

where the summation is over all possible treatment plans t 
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Methodological	  Challenges	  
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Pr(Stroke | X) = Σ Pr(Stroke | X, t) Pr(X | t) 

X 

where the summation is over all possible treatment plans t 

today today+w 

trmt stroke? 
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Primarily	  Interested	  in	  Pr(Stroke	  |	  X,	  t)	  	  

94 

•  Pr(Stroke | X, t=1) - Pr(Stroke | X, t=0) is a 
causal effect 

•  There is no escape! 

•  For a given X=x’, there is a concern that either 
X=x’, t=1 or  X=x’, t=0 has poor support; 
standard error of prediction should account for 
this  

•  Bias due to unmeasured confounders is a 
different matter 
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Why	  pa;ent-‐centered	  analy;cs	  holds	  promise	  

Average	  treatment	  effects:	  	  
•  Hundreds	  of	  drug-‐outcome	  pairs	  
•  Unsa;sfactory	  ground	  truth:	  	  

–  how	  confident	  are	  we	  that	  drug	  
is	  associated	  with	  outcome?	  

–  What	  is	  ‘true’	  effect	  size?	  	  

•  Ques;onable	  generalizability:	  	  
who	  does	  the	  average	  treatment	  
effect	  apply	  to?	  

•  Final	  answer	  oxen	  insufficient:	  	  
–  Need	  to	  drilldown	  to	  explore	  

treatment	  heterogeneity	  
–  Truth	  about	  ‘causality’	  is	  largely	  

unobtainable	  

Pa;ent-‐centered	  predic;ons:	  	  	  
•  Millions	  of	  pa;ents	  
•  Explicit	  ground	  truth	  	  

–  Each	  pa;ent	  did	  or	  did	  not	  have	  
the	  outcome	  within	  the	  defined	  
;me	  interval	  

•  Direct	  applicability:	  	  model	  
computes	  probability	  for	  each	  
individual	  

•  Final	  model	  can	  address	  broader	  
ques;ons:	  
–  Which	  pa;ents	  are	  most	  at	  risk?	  
–  What	  factors	  are	  most	  predic;ve	  

of	  outcome?	  
–  How	  much	  would	  change	  in	  

health	  behaviors	  impact	  risk?	  
–  What	  is	  the	  average	  treatment	  

effect?	  
95 
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•  Not	  all	  pa;ents	  are	  created	  equally…	  
–  Average	  treatment	  effects	  are	  commonly	  es;mated	  from	  

observa;onal	  databases,	  but	  the	  validity	  and	  u;lity	  of	  these	  es;mates	  
remains	  undetermined	  

–  Pa;ent-‐centered	  predic;ve	  modeling	  offers	  a	  complementary	  
perspec;ve	  for	  evalua;ng	  treatments	  and	  understanding	  disease	  

•  …but	  all	  pa;ents	  can	  equally	  benefit	  from	  the	  poten;al	  of	  
predic;ve	  modeling	  in	  observa;onal	  data	  
–  Clinical	  judgment	  may	  be	  useful,	  but	  selec;ng	  of	  a	  handful	  of	  

predictors	  is	  unlikely	  to	  maximize	  the	  use	  of	  the	  data	  
–  High-‐dimensional	  analy;cs	  can	  enable	  explora;on	  of	  high-‐dimensional	  

data,	  but	  further	  research	  and	  evalua;on	  is	  needed	  
–  Empirical	  ques;on	  s;ll	  to	  be	  answered:	  	  Which	  outcomes	  can	  be	  

reliably	  predicted	  using	  which	  models	  from	  which	  data?	  

Concluding	  thoughts	  
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