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OMOP ACE Inhibitor 1.80 (0.15) 0.40 (0.05) 0.91 (0.12) 0.87 (0.03)
OMOP Amphotericin B 3.30 (0.99) 1.05 (0.24) 4.01 (0.99)
OMOP A tibi ti 1 22 (0 08) 1 00 (0 01) 1 14 (0 01) 1 06 (0 03) 1 05 (0 09) 1 44 (0 06)OMOP Antibiotics 1.22 (0.08) 1.00 (0.01) 1.14 (0.01) 1.06 (0.03) 1.05 (0.09) 1.44 (0.06)
OMOP Antiepileptics 1.74 (0.38) 4.60 (0.80) 1.63 (0.21) 0.54 (0.05)
OMOP Benzodiazepines 0.13 (0.01) 1.10 (0.06) 0.98 (0.01) 1.11 (0.01) 1.18 (0.03) 1.41 (0.12) 1.06 (0.05)
OMOP Beta blockers 0.81 (0.07) 0.63 (0.06) 0.95 (0.02) 1.69 (0.19) 0.78 (0.04) 0.88 (0.03)
OMOP Bisphosphonates 0.27 (0.05) 0.85 (0.03) 0.82 (0.07) 0.40 (0.04) 0.90 (0.06)
OMOP Tricyclic antidepressa 0.63 (0.07) 1.02 (0.02) 0.96 (0.01) 0.80 (0.04) 0.82 (0.06)
OMOP Typical antipsychotic 0.96 (0.08) 1.97 (0.16) 3.46 (0.21)
OMOP Warfarin 0.53 (0.11) 0.47 (0.04) 2.13 (0.04) 1.2 (0.09) 0.49 (0.07) 0.76 (0.05)



Revising prior expectations in light of new 
evidence from an active surveillance system

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

i t ti

Prior:

your prior expectations

With moderate 
___ p=0.9
___ p=0.5
___  p=0.1 

variance (SElogRR = 
0.06), observing 
RR<2.0 is only 
modestly informative
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Impact of precision of observed estimates

A large and 
highlyhighly 
significant 
association 
can be highly 
informative……but the same 

effect size with 
large 
uncertainty 
does not 
significantly

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

significantly 
revise prior 
expectations

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)
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Impact of using estimates from different methods

Across all methods, observing 
a RR=2.0 with moderate 
variance (SElogRR = 0.06) 
does not increase a skeptical 
prior beyond indifference

Prior:
 p=0 9

prior beyond indifference

___ p=0.9
___ p=0.5
___  p=0.1 
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Hill’s causality viewpoints

• Strength of association

Hill s causality viewpoints

g
• Consistency
• Specificity
• Temporality
• Biological gradient
• Plausibility
• Coherence
• Experimental evidence• Experimental evidence
• Analogy

f “ C ? ”Austin Bradford Hill, “The Environment and Disease: Association or Causation?,” 
Proceedings of the Royal Society of Medicine, 58 (1965), 295-300.



TemporalityTemporality
ACE Inhibitors-Angioedema
has strong temporality:
few incident outcomes prior to-few incident outcomes prior to 

exposure
-largest fraction of events within 
20 days of incident exposure

Antibiotics-Acute renal failure 
has weak temporality:
-high co-occurrence of outcome 
pre- and post-exposure



Harnessing HillHarnessing Hill

• Previously p(true | RR  SE)• Previously p(true | RR, SE)
– Logistic regression with 2 predictors

Using Hill: p(true | RR  SE  temporality  • Using Hill: p(true | RR, SE, temporality, 
coherence, consistency, etc.)

L i ti  i  ith  di t– Logistic regression with many predictors

• Thus we have a framework to formally 
integrate diverse evidence into the 
causal judgment 



Active surveillance:  One additional piece of evidence 
to inform medical decision-making

Pre-clinical toxicologyPre clinical toxicology

Pharmacology

Clinical trials
Evidence to support 
safety assessment

Spontaneous case reports

Perspectives in literature 
from medical experts Evidence about the 

benefits of the
Decision-making 
about appropriate

Pharmacoepidemiology
evaluation studies

p benefits of the 
product

about appropriate 
use

Active surveillance system Evidence about 
alternative 
treatments
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A Case Study: Trials for Vioxx - Timeline
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Case Study: CVT Events
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Posterior Probability (1) – block effect model
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Posterior Probability (2) – block effect model
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Sequential Uber-AnalysisSequential Uber Analysis

• Sequential learning• Sequential learning
• Silos: RCTs, observational data, 

spontaneous reports  pharmacologyspontaneous reports, pharmacology
• Little knowledge transfer
• Bayesian approach provides a 

snapshot at any point in time that 
reflects all available knowledge and 
data





Think about thisThink about this…

Denote by θ the probability that the next operation 
i  H it l A lt  i   d thin Hospital A results in a death

Use the data to estimate (i.e., guess the value of) θ



Some Theory (Bayes works!)

Consider observations from a normal distribution:

N( 1)y1,..., yn ~ N(μ,1)

Could use the sample mean to estimate μ:

y = y1 + ...+ yn

Could use the sample mean to estimate μ:

"unbiased""unbiased"

n

Suppose you want to estimate μ with δ(y) to 

E (δ(y) −μ)2[ ]
minimizes the expected squared loss:

E
y|μ

(δ(y) −μ)[ ]



B i  h  t  if   i  di t ib ti  f   

N(θ,10)
Bayesian has to specify a prior distribution for μ, e.g.:

Bayesian would typically set δ(y) to be the posterior mean

θ (1 )

Can easily prove that  e g  for n=30  the Bayesian 

cθ + (1− c)y 

Can easily prove that, e.g., for n=30, the Bayesian 
posterior mean has smaller expected squared loss so 

long as:

θ −μ <134.3



Back to the hospital data

Denote by θi the probability that the next operation in 
Hospital i results in a death

Assume θi ~ beta(a,b) 

Compute joint posterior distribution for all the θi
simultaneously
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Logistic Regression

Li  d l f  l  dd  f  t  

Logistic Regression

Linear model for log odds of  category 
membership:

log = Σ bj xij = bxi

p(y=1|xi)

p(y=-1|xi)g j ij ip(y=-1|xi)



Bayesian PerspectiveBayesian Perspective
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Family of Priors
• Two thresholds for rate ratio of an adverse event

– δu : the drug should not be on market if ratio >δu 
• set δu = 1.75 expert opinion, u p p ,

– δL : the drug should be on market if ratio <δL
• set δL = 1.1 weigh= the risk against the benefit.

Sk ti l P iSkeptical Prior: Gaussian with μ= 0 and P(δ>δU ) = 5%
Strong prior belief that the drug is not dangerous 

Cautious Prior G i  ith δ d P(δ<δ )  5%Cautious Prior: Gaussian with μ=δu and P(δ<δL ) = 5%
Strong prior belief that the drug is not safe

Reference Prior: Gaussian with μ=1  σ= 103Reference Prior: Gaussian with μ=1, σ= 103

Outrageous10 Prior: Gaussian with μ=1 and P(δ>δL ) =10%
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Outrageous1 Prior: Gaussian with μ=1 and P(δ>δU ) =1%


