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“Evidence-‐Based	  Medicine”	   as	  against	  ???	  







How	  does	  the	  combina9on	  of	  Clinical	  
Judgment	  and	  Evidence-‐Based	  
Medicine	  work	  in	  prac9ce?	  



Should	  John	  have	  an	  
angiogram?	  

John	  went	  to	  see	  a	  
world-‐class	  cardiologist	  



48	  years	  old	  

LDL	  =	  70	  

university	  professor	  

no	  diabetes	  

HDL	  =	  59	  

triglycerides	  =	  106	  

calcium	  score	  in	  2003	  =	  19	  
calcium	  score	  in	  2008	  =	  42	  

father	  died	  of	  heart	  disease	  (47)	  

mother	  died	  of	  cancer	  (83)	  	  
stress	  test	  normal	  in	  2007	  

lipitor	  

CRP	  normal	  

exercise	  
red	  wine	  

aspirin	  

arrhythmia	  in	  2008	  

non-‐smoker	  

BMI	  =	  21.6	  

normal	  heart	  ultrasound	  (2008)	  

Should	  John	  have	  an	  
angiogram?	  

Clinical	  judgment?	  

Who	  are	  we	  kidding?	  
genotyping	  

EKG	  unusual	  in	  2009	  

calcium	  score	  in	  2010	  =	  70	  



Data-‐Driven	  Medicine	  

•  Mul=ple	  years	  of	  medical	  records	  for	  200+	  million	  people	  
•  Largest	  collec=on	  of	  medical	  records	  in	  the	  world	  
•  32,430	  pa=ents	  just	  like	  John	  

Observa=onal	  Medical	  Outcomes	  Partnership	  



Many	  Challenges	  

• Sta9s9cal/Epidemiological	  
• Computa9onal	  
• Drug	  Safety	  



Safety in Lifecycle of  a Drug/Biologic 
product 



Drug Safety 

•  High quality data (but small) 

•  No "data mining" 

•  Low quality data (but lots of  it) 

•  Extensive use of  "data mining" 

Pre-Approval: 

Post-‐Approval:	  





Problems with Spontaneous Reports 

•  Under-reporting 
•  Duplicate reports 
•  No temporal information 
•  No denominator 

Vioxx 
Baycol 
etc. 

IOM 
FDAAA 

Sentinel 
EU-ADR 
OMOP 

Active surveillance in large, longitudinal databases 
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•  Data	  source:	  	  General	  Prac9ce	  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,	  prac9ce,	  observa9on	  period	  prior	  to	  index	  
•  Exposure	  defini9on:	  >=1	  prescrip9on	  during	  observa9on	  period	  
•  “RR”	  es9mated	  with	  condi9onal	  logis9c	  regression	  
•  Covariates:	  smoking,	  alcohol,	  BMI	  before	  outcome	  index	  date	  
•  Sensi9vity	  analyses:	  

•  exposure	  =	  2+	  prescrip9ons	  
•  covariates	  not	  missing	  
•  9me-‐at-‐risk	  =	  >1	  yr	  post-‐exposure	  

•  Subgroup	  analyses:	  
•  Short	  vs.	  long	  exposure	  dura9on	  
•  Age,	  Sex,	  smoking,	  alcohol,	  BMI	  
•  Osteoporosis	  or	  osteopenia	  
•  Fracture	  pre-‐exposure	  
•  Prior	  diagnosis	  of	  Upper	  GI	  dx	  pre-‐exposure	  
•  NSAID,	  cor9costeroid,	  H2blocker,	  PPI	  u9liza9on	  pre-‐exposure	  

BMJ	  study	  design	  choices	  
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•  Data	  source:	  	  General	  Prac9ce	  Research	  Database	  
•  Study	  design:	  	  Cohort	  
•  Inclusion	  criteria:	  Age	  >	  40	  
•  Exclusion	  criteria:	  	  Cancer	  diagnosis	  in	  3	  years	  before	  index	  date	  
•  Exposed	  cohort:	  	  Pa9ents	  with	  >=1	  prescrip9on	  between	  1996-‐2006	  
•  “Unexposed”	  cohort:	  1-‐to-‐1	  match	  with	  exposed	  cohort	  
•  Matched	  on	  year	  of	  birth,	  sex,	  prac9ce	  
•  “HR”	  es9mated	  with	  Cox	  propor9onal	  hazards	  model	  
•  Time-‐at-‐risk:	  	  >6mo	  from	  index	  date	  
•  Covariates:	  	  

•  	  Smoking,	  alcohol,	  BMI	  before	  exposure	  index	  date	  
•  Hormone	  therapy,	  NSAIDs,	  H2blockers,	  PPIs	  

•  Sensi9vity	  analyses:	  
•  Excluding	  people	  that	  were	  in	  both	  exposed	  and	  unexposed	  cohorts	  
•  Exclude	  pa9ents	  with	  missing	  confounders	  (not	  reported)	  

•  Subgroup	  analyses:	  
•  Low	  vs.	  medium	  vs.	  high	  use,	  based	  on	  defined	  daily	  dose	  
•  Alendronate	  vs.	  nitrogen-‐containing	  bisphosphonates	  vs.	  non-‐nitrogen-‐contraining	  bisphosphonates	  	  

JAMA	  study	  design	  choices	  
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Not	  observa9on	  length	  

1995-‐2005	  in	  BMJ	  

Different	  index	  date	  
BMJ	  didn’t	  stra9fy	  by	  hormone	  therapy	  

Match	  exposure	  vs.	  
outcome	  status;	  not	  5-‐to-‐1	  

Time-‐at-‐risk	  is	  ‘between’	  two	  defini9ons	  used	  in	  
BMJ:	  	  All	  9me	  post-‐exposure	  and	  >1yr	  aker	  index	  
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JAMA	  Results	  

JAMA	  2010;	  304(6):	  657-‐663	  







OMOP	  Research	  Experiment	  OMOP	  Methods	  Library	  

Incep9on	  
cohort	  

Case	  control	  

Logis9c	  
regression	  

Common	  Data	  Model	  
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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	  	  

•  14	  methods	  	  
•  Epidemiology	  designs	  	  
•  Sta9s9cal	  approaches	  

adapted	  for	  longitudinal	  data	  

•  Open-‐source	  
•  Standards-‐based	  

23	  



What	  do	  the	  data	  look	  like?	  

Computa(onal	  considera(ons	  require	  few	  passes	  through	  the	  data	  
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OLANZAPINE!

FLUTICASONE! ROFECOXIB! ROFECOXIB!

ROFECOXIB!ROFECOXIB!
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OBSERVATIONAL,,
MEDICAL,
OUTCOMES,
PARTNERSHIP,

An4bio4cs,
ini4a4on,

Acute,renal,
failure,event,



Typical	  scenario:	  Es9mate	  the	  effect	  of	  one	  drug	  on	  one	  outcome	  using	  one	  
method	  against	  one	  database	  

Rela9ve	  risk	  

Da
ta
	  so

ur
ce
	  

Typically	  focus	  on	  magnitude	  
of	  the	  effect:	  rela9ve	  risk	  (RR)	  
and	  sta4s4cal	  significance:	  
lower	  and	  upper	  bound	  of	  
confidence	  interval	  (CI)	  

If	  this	  had	  been	  an	  randomized	  trial,	  we	  would	  know	  
the	  CI	  has	  95%	  coverage	  of	  the	  true	  effect	  size.	  
	  
Because	  this	  is	  an	  observa9onal	  study	  with	  the	  
poten9al	  for	  bias,	  the	  opera9onal	  characteris9cs	  are	  
uncertain:	  
•  Is	  the	  es9mated	  associa9on	  consistent	  with	  the	  

direc9onality	  of	  the	  true	  causal	  rela9onship?	  
•  How	  oken	  does	  the	  CI	  actually	  contain	  the	  truth?	  

TP	  

Drug:	  	   	  ACE	  inhibitor	  
Outcome:	  	  	  Angioedema	  
Method:	  	   	  High-‐dimensional	  

propensity	  score	  (HDPS)	  
Database:	  Thomson	  MarketScan	  

Commercial	  Claims	  and	  
Encounters	  (CCAE)	  

True	  +	  
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Systema9c	  sensi9vity	  analysis:	  Es9mate	  the	  effect	  using	  mul9ple	  
methods	  across	  the	  network	  of	  databases	  

Rela9ve	  risk	  

Da
ta
	  so

ur
ce
	  

TP	  
FN	  

Data	  sources	  in	  OMOP	  network:	  
CCAE:	  	  Thomson	  MarketScan	  
Commerical	  Claims	  and	  
Encounters	  
MDCR:	  	  Thomson	  Medicare	  
Supplemental	  
MDCD:	  	  Thomson	  Mul9state	  
Medicaid	  
MSLR:	  Thomson	  Lab	  Supplement	  
GE:	  GE	  Centricity	  EHR	  
HUM:	  Humana	  
PHCS:	  Partners	  Healthcare	  
System	  
RI:	  Regenstrief	  Ins9tute	  
SDI_MID:	  	  SDI	  Health	  
VA:	  Department	  of	  Veteran’s	  
Affairs	  MedSAFE	  

Methods	  in	  OMOP	  network:	  
CCO:	  	  Case	  crossover	  
DP:	  	  Dispropor9onality	  analysis	  
HDPS:	  	  High-‐dimensional	  
propensity	  score	  
ICTPD:	  Temporal	  papern	  
discovery	  
USCCS:	  Univariate	  self-‐controlled	  
case	  series	  

ACE	  Inhibitors	  are	  believed	  to	  have	  a	  
causal	  rela9onship	  with	  Angioedema	  
	  
Essen9ally	  all	  methods	  and	  
databases	  correctly	  es9mate	  a	  
posi9ve	  associa9on	  direc9onally	  
consistent	  with	  prior	  beliefs	  

True	  +	  
False	  -‐	  
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Consistent	  ‘false	  posi9ve’	  observed	  for	  ‘nega9ve	  control’	  of	  	  
An9bio9cs	  and	  Acute	  Renal	  Failure	  

Rela9ve	  risk	  

Da
ta
	  so

ur
ce
	  

An9bio9cs	  are	  observed	  to	  have	  a	  
significant,	  posi9ve	  associa9on	  with	  acute	  
renal	  failure	  across	  mul9ple	  methods	  and	  
databases.	  	  This	  ‘false	  posi9ve’	  may	  be	  due	  
to	  protopathic	  bias,	  but	  several	  methods	  
that	  employ	  analy9cal	  strategies	  to	  
address	  that	  issue	  failed	  to	  control	  for	  it.	  

FP	  
TN	  
FP	  
TN	  	  True	  -‐	  
False	  +	  
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True	  posi=ves	  

False	  nega=ves	  

Method	  
predic9on:	  
Drug-‐condi9on	  
pair	  met	  	  a	  
specific	  
threshold	  

	  

Y	  

N	  

Drug-‐condi9on	  associa9on	  status	  
Y	  –	  ‘true	  associa9on’,	  	  
N	  –	  ‘nega9ve	  control’	  

Y	   N	  

True	  nega=ves	  

False	  posi=ves	  

Measuring	  method	  performance	  

Ques9on:	  For	  any	  method	  applied	  to	  any	  data	  
source,	  what	  are	  the	  expected	  opera9ng	  

characteris9cs?	  

29	  



True	  posi9ves:	  

5	  

False	  nega9ves:	  

4	  

Method	  
predic9on:	  
Drug-‐condi9on	  
pair	  met	  	  a	  
specific	  
threshold:	  

(LB	  95%	  CI	  >	  1)	  

	  

Y	  

N	  

Drug-‐condi9on	  associa9on	  status	  
Y	  –	  ‘true	  associa9on’,	  	  
N	  –	  ‘nega9ve	  control’	  

Y	   N	  

True	  nega9ves:	  

36	  

False	  posi9ves:	  

8	  

Posi9ve	  predic9ve	  value	  
=	  precision	  	  
=	  TP	  /	  (TP+FP)	  
=	  5	  /	  (5+8)	  	  =	  0.38	  

Nega9ve	  predic9ve	  value	  	  
=	  TN	  /	  (FN+TN)	  
=	  36	  /	  (4+36)	  	  =	  0.90	  
	  

Sensi9vity	  	  
=	  Recall	  	  
=	  TP	  /	  (TP+FN)	  
=	  5	  /	  (5+4)	  =	  0.56	  

Specificity	  	  
=	  TN	  /	  (FP+TN)	  
=	  36	  /(8+36)	  =	  0.82	  

False	  posi9ve	  rate	  
=	  1	  –	  0.82	  =	  0.18	  

Measuring	  method	  performance	  example:	  
Random-‐effect	  meta-‐analysis	  of	  es9mates	  from	  	  

High-‐dimensional	  propensity	  score	  

Accuracy	  	  
=	  (TP+TN)	  /	  (TP+TN+FP
+FN)	  
=(5+36)/(9+44)	  =	  0.77	  
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ROC	  curves	  of	  random-‐effects	  meta-‐analysis	  es9ma9ons	  for	  all	  
methods	  	  

False	  posi9ve	  rate	  (1-‐Specificity)	  

Se
ns
i9
vi
ty
	  

At	  50%	  sensi9vity,	  false	  posi9ve	  rate	  ranges	  16%-‐30%	  	  
	  
At	  10%	  false	  posi9ve	  rate,	  sensi9vity	  ranges	  9%-‐33%	  

	  True	  -‐	  

False	  +	  
False	  -‐	  

True	  +	  

p<.05	  
NS	  



AUC	  performance	  by	  method	  

Method	  

AU
C	  



Heterogeneity	  	  



Range	  of	  es9mates	  across	  high-‐dimensional	  propensity	  
score	  incep9on	  cohort	  (HDPS)	  parameter	  seungs	  

Rela9ve	  risk	  

•  Each	  row	  represents	  a	  drug-‐
outcome	  pair.	  

•  The	  horizontal	  span	  reflects	  the	  
range	  of	  point	  es9mates	  observed	  
across	  the	  parameter	  seungs.	  

•  Ex.	  Benzodiazepine-‐Aplas9c	  
anemia:	  HDPS	  parameters	  vary	  in	  
es9mates	  from	  RR=	  0.76	  and	  2.70	  
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	  True	  -‐	  

False	  +	  
False	  -‐	  

True	  +	  

Parameter	  seXngs	  explored	  in	  OMOP:	  
Washout	  period	  (1):	  180d	  
Surveillance	  window	  (3):	  	  30	  days	  from	  
exposure	  start;	  exposure	  +	  30d	  ;	  all	  9me	  
from	  exposure	  start	  
Covariate	  eligibility	  window	  (3):	  30	  
days	  prior	  to	  exposure,	  180,	  all-‐9me	  
pre-‐exposure	  
#	  of	  confounders	  (2):	  100,	  500	  
covariates	  used	  to	  es9mate	  propensity	  
score	  
Propensity	  strata	  (2):	  5,	  20	  strata	  
Analysis	  strategy	  (3):	  	  Mantel-‐Haenszel	  
stra9fica9on	  (MH),	  propensity	  score	  
adjusted	  (PS),	  propensity	  strata	  
adjusted	  (PS2)	  
Comparator	  cohort	  (2):	  drugs	  with	  
same	  indica9on,	  not	  in	  same	  class;	  most	  
prevalent	  drug	  with	  same	  indica9on,	  
not	  in	  same	  class	  



Range	  of	  es9mates	  across	  univariate	  self-‐controlled	  
case	  series	  (USCCS)	  parameter	  seungs	  

Rela9ve	  risk	   35	  

	  True	  -‐	  

False	  +	  
False	  -‐	  

True	  +	  

•  For	  Bisphosphonates-‐GI	  Ulcer	  hospitaliza9on,	  
USCCS	  using	  incident	  events,	  excluding	  the	  first	  day	  
of	  exposure,	  and	  using	  large	  prior	  of	  2:	  

•  When	  surveillance	  window	  =	  length	  of	  
exposure,	  no	  associa9on	  is	  observed	  

•  Adding	  30d	  of	  9me-‐at-‐risk	  to	  the	  end	  of	  
exposure	  increased	  to	  a	  significant	  RR=1.14	  

USCCS	  Parameter	  seXngs	  explored	  in	  
OMOP:	  
Condi=on	  type	  (2):	  first	  occurrence	  or	  all	  
occurrences	  of	  outcome	  
Defining	  exposure	  =me-‐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	  
Dura9on	  of	  exposure	  (drug	  era	  start	  through	  
drug	  era	  end)	  
Dura9on	  of	  exposure	  +	  30	  d	  
Dura9on	  of	  exposure	  +	  60	  d	  
Precision	  of	  Normal	  prior	  (4):	  0.5,	  0.8,	  1,	  2	  



Fix	  everything	  except	  the	  database…	  



Cohort	  



SCCS	  



Interpre9ng	  Biased	  Es9mates	  



p-‐values	  are	  tail	  probabili9es	  

1.2	   1.3	  0.9	   1.0	   1.1	   1.4	   es9mated	  RR	  

“null”	  distribu9on	  for	  
nega9ve	  controls	  

de
ns
ity

	  

observed	  RR	  

p-‐value	  X	  2	  



We	  also	  have	  posi9ve	  controls	  

1.2	   1.3	  0.9	   1.0	   1.1	   1.4	   es9mated	  RR	  

“null”	  distribu9on	  for	  
nega9ve	  controls	  

de
ns
ity

	  

observed	  RR	  

distribu9on	  for	  
posi9ve	  controls	  

much	  more	  likely	  to	  
have	  come	  blue…	  	   …than	  red	  

•  moderate	  p-‐value,	  small	  Pr(posi9ve	  control)	  



But	  if	  AUC	  is	  small…	  
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“null”	  distribu9on	  for	  
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observed	  RR	  

distribu9on	  for	  
posi9ve	  controls	  

…than	  blue	  
much	  more	  likely	  to	  
have	  come	  from	  red…	  

•  despite	  the	  moderate	  p-‐value,	  Pr(posi9ve	  control)	  is	  large!	  

•  the	  null	  distribu9on	  doesn’t	  tell	  the	  whole	  story	  

distribu9on	  for	  
posi9ve	  controls	  



Revising	  prior	  expecta9ons	  in	  light	  of	  new	  evidence	  
from	  an	  ac9ve	  surveillance	  system	  

Prior:	  
___	  	  p=0.9	  
___	  	  p=0.5	  
___	  	  p=0.1	  	  

If	  you	  observe	  a	  RR	  =	  2.0	  
(1.78	  –	  2.25),	  
then	  your	  posterior	  
probability	  depends	  on	  
your	  prior	  expecta9ons	  

With	  moderate	  variance	  
(SElogRR	  =	  0.06),	  
observing	  RR<2.0	  is	  only	  
modestly	  informa9ve	  



Revising	  prior	  expecta9ons	  in	  light	  of	  new	  evidence	  from	  
an	  ac9ve	  surveillance	  system:	  

Impact	  of	  precision	  of	  observed	  es9mates	  

Scenarios:	  You	  observe	  RR=2.0	  with	  confidence	  intervals	  based	  on	  standard	  error	  (SE):	  
	  	  	  	  	  Large	  SE:	  (1.01	  –	  3.97)	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  Medium	  SE:	  (1.78	  –	  2.25)	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  Small	  SE:	  (1.96	  –	  2.04)	  

A	  large	  and	  
highly	  
significant	  
associa9on	  
can	  be	  highly	  
informa9ve…	  

…but	  the	  same	  
effect	  size	  with	  
large	  
uncertainty	  
does	  not	  
significantly	  
revise	  prior	  
expecta9ons	  

Prior:	  
___	  	  p=0.9	  
___	  	  p=0.5	  
___	  	  p=0.1	  	  



Exploring	  clopidogrel	  and	  upper	  
gastrointes9nal	  bleeding	  
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Method: CC−2000314, Source: CCAE, HOI: GI Bleed

Relative risk
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Prior:	  
___	  	  p=0.9	  
___	  	  p=0.5	  
___	  	  p=0.1	  	  

RR:1.86	  
(1.79,	  1.93)	  
SE:	  0.02	  

β1=	  0.00	  	  	  
β2=	  0.14	  

Clopidogrel	  –	  GI	  Bleed	  



Exploring	  isoniazid	  and	  acute	  liver	  
injury	  
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Isoniazid	  -‐	  Acute	  Liver	  Injury	  

RR:4.03	  
(2.69,	  6.03)	  
SE:	  0.21	  

Prior:	  
___	  	  p=0.9	  
___	  	  p=0.5	  
___	  	  p=0.1	  	  

β1=	  0.79	  	  	  
β2=	  0.02	  

Method: CM−21000211, Source: MDCR, HOI: Acute Liver Injury
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Exploring	  ibuprofen	  and	  acute	  kidney	  
injury	  
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Ibuprofen	  –	  Acute	  Kidney	  Injury	  

RR:1.26	  
(1.16,	  1.36)	  
SE:	  0.04	  

Prior:	  
___	  	  p=0.9	  
___	  	  p=0.5	  
___	  	  p=0.1	  	  

β1=	  0.00	  	  	  
β2=	  0.07	  

Method: CC−2000241, Source: MDCD, HOI: Acute Kidney Injury
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Exploring	  indomethacin	  and	  acute	  
myocardial	  infarc9on	  
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Method: CC−2000241, Source: GE, HOI: Acute Myocardial Infarction
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Pr
ob

ab
ilit

y

0.
0

0.
1

0.
5

0.
9

1.
0

0.25 0.5 1 2 5 10

Indomethacin	  –	  Acute	  Myocardial	  Infarc9on	  

RR:1.44	  
(1.20,	  1.72)	  
SE:	  0.09	  

Prior:	  
___	  	  p=0.9	  
___	  	  p=0.5	  
___	  	  p=0.1	  	  

β1=	  0.00	  	  	  
β2=	  0.00	  



Indomethacin	  –	  Acute	  Myocardial	  Infarc9on	  
Method: SCCS−1953010, Source: GE, HOI: Acute Myocardial Infarction

Relative risk
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RR:1.16	  
(1.06,	  1.72)	  
SE:	  0.05	  

Prior:	  
___	  	  p=0.9	  
___	  	  p=0.5	  
___	  	  p=0.1	  	  

β1=	  4.97	  	  	  
β2=	  0.37	  



Predic9ve	  Modeling	  







Discussion	  
•  Current	  approaches	  to	  repor9ng	  observa9onal	  
studies	  are	  broken	  

•  Big	  data	  can	  transform	  medicine	  but	  we	  have	  to	  stop	  
kidding	  ourselves	  about	  	  
–  the	  role	  of	  “clinical”	  judgment	  in	  a	  data-‐rich	  world,	  and	  
–  the	  reliability	  of	  observa9onal	  studies	  



Three	  Pieces	  of	  the	  Solu9on	  	  
1.	  Sensi9vity	  Analysis	  

	  	  

2.	  Establish	  Opera9ng	  Characteris9cs	  

-‐  How	  well	  do	  observa9onal	  studies	  work?	  
-‐  How	  big	  is	  the	  bias	  in	  prac9ce?	  
-‐  How	  oken	  do	  95%	  intervals	  contain	  the	  true	  RR?	  
-‐  What	  does	  this	  mean?	  



Three	  Pieces	  of	  the	  Solu9on	  	  
3.	  Predic9on	  of	  Future	  Observables	  
	  
4.	  Avoid	  reliance	  on	  human	  art	  
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Let’s	  not	  do	  this!	  


