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What is TreeScan™?

• A statistical data mining tool for signal detection

– Utilizes tree-based scan statistics

– Adjust p-values for multiple testing of correlated 
hypotheses when screening thousands of potential adverse 
events

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics
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The Tree
Hierarchically grouped diagnosis codes

• Multi-Level Clinical Classification Software (MLCCS)2

• ICD9 codes grouped in 4 hierarchical levels 

– Grouped by body systems

• Null hypothesis: there are no nodes for 
which there is an effect of exposure 

• Statistical alerts at specified threshold 
(p<0.01) if the test statistic for observed 
data is greater than 99% of test 
statistics generated under the null

• Statistical Alert ≠ Safety Signal

The Scan Statistic

An alert by itself is not a safety signal and always requires further 
clinical correlation and evaluation for bias and confounding

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics
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• When scanning across thousands of outcomes it is infeasible to select 
confounders for the PS based on risk for each/all outcomes in the tree

• What should be included in a PS for applied signal detection activities?

‒ Consider practicality as well as bias reduction

‒ Looking for broad proxy coverage of confounders 

‒ Good enough for first pass signal detection, to be followed with refinement of 

potential signals

Key Challenge to Using TreeScan with 
Propensity Score (PS) Matching

Usual PS matched analysis TreeScan PS matched analysis

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics
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Objective

Develop candidate “general” propensity scores for general 
application in cohort studies with TreeScan and compare 
performance by evaluating 4 drug examples with well 
characterized safety profiles

• Review of alerts using the a priori specified primary general 
propensity score to adjust for confounding

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics
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Methods 

Empirical approach evaluating 4 examples with established 
safety profiles, reflecting different populations and indications

– All apply TreeScan with active comparator, new initiator design and 
1:1 PS matching

Exposures Indication Expected alerts?
Macrolide vs 
Fluoroquinolone

Community Acquired 
Pneumonia

None

Azithromycin vs 
Clarithromycin

Community Acquired 
Pneumonia

None

Meloxicam vs 
Celecoxib

Osteoarthritis None

Valproate vs 
Lamotrigine

Any Yes

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics
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Methods 

Empirical approach evaluating 4 examples with established 
safety profiles, reflecting different populations and indications

– All apply TreeScan with active comparator, new initiator design and 
1:1 PS matching

Exposures Indication Expected alerts?
Macrolide vs 
Fluoroquinolone

Community Acquired 
Pneumonia

None

Azithromycin vs 
Clarithromycin

Community Acquired 
Pneumonia

None

Meloxicam vs 
Celecoxib

Osteoarthritis None

Valproate vs 
Lamotrigine

Any Yes

• Short term exposure
• Used immediately 
• Between class vs 

within class

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics



9Sentinel Initiative   | 

Methods 

Empirical approach evaluating 4 examples with established 
safety profiles, reflecting different populations and indications

– All apply TreeScan with active comparator, new initiator design and 
1:1 PS matching

Exposures Indication Expected alerts?
Macrolide vs 
Fluoroquinolone

Community Acquired 
Pneumonia

None

Azithromycin vs 
Clarithromycin

Community Acquired 
Pneumonia

None

Meloxicam vs 
Celecoxib

Osteoarthritis None

Valproate vs 
Lamotrigine

Any Yes

• Intended chronic use
• Older, sicker population
• ↑ comorbidity

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics
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Methods 

Empirical approach evaluating 4 examples with established 
safety profiles, reflecting different populations and indications

– All apply TreeScan with active comparator, new initiator design and 
1:1 PS matching

Exposures Indication Expected alerts?
Macrolide vs 
Fluoroquinolone

Community Acquired 
Pneumonia

None

Azithromycin vs 
Clarithromycin

Community Acquired 
Pneumonia

None

Meloxicam vs 
Celecoxib

Osteoarthritis None

Valproate vs 
Lamotrigine

Any Yes

• Intended chronic use
• ↑ comorbidity (different)
• Need to adjust for multiple 

indications

Balanced on indication 
in design phase

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics
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Methods 

• Evaluated candidate PSs that included a combination of 3 
types of covariates

– Predefined general: based on characteristics* that are risk factors for 
a variety of outcomes

– High dimensional PS (hdPS): empirically selected based on 
relationship to exposure

– Tailored: investigator selected variables tailored to each exposure pair

Predefined general hdPS Tailored
1 x
2 x
3 x x
4 x x
5 x x x

*combined comorbidity score3, frailty index4, health seeking (e.g. screening, vaccination), utilization

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics
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Methods 

• Compared candidate PSs on

– Sample size after 1:1 matching (related to power)

– Covariate balance

– Alerting patterns

Expected effect of exposure?

Yes No Unknown

Alert
True 

Positive
False 

Positive
?

No Alert
False 

Negative
True 

Negative
?

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics
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Summary Results
Sample size

Exposures Covariate
1

imbalance 
before matching

% Matched
2

using 
general predefined 

covariates

Decrease in sample after 
adding hdPS/tailored 

covariates*
Macrolide vs 
Fluoroquinolone

Age (older) 87% 
of macrolide 

1-4%

Azithromycin vs 
Clarithromycin

# prior ED visits 100% 
of clarithromycin

0% 

Meloxicam vs 
Celecoxib

DME
Anticoagulants
Opioids
Peptic ulcer/GI bleed
# IP stays

97% 
of celecoxib

3-5%

Valproate vs 
Lamotrigine

Gender
Anxiety
Bipolar disorder 
Depression
Other antidepressants
Migraine
Schizophrenia
TCA
# prior IP stays

90% 
of valproate

10-15%

1 Standardized differences > 0.1 for predefined general or tailored covariates
DME = durable medical equipment, ED = emergency department, GI = gastrointestinal, 
TCA = tricyclic antidepressants, IP = inpatient 

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics
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Summary Results
Sample size

Exposures Covariate
1

imbalance 
before matching

% Matched
2

using 
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covariates
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of clarithromycin
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Meloxicam vs 
Celecoxib

DME
Anticoagulants
Opioids
Peptic ulcer/GI bleed
# IP stays

97% 
of celecoxib

3-5%

Valproate vs 
Lamotrigine

Gender
Anxiety
Bipolar disorder 
Depression
Other antidepressants
Migraine
Schizophrenia
TCA antidepressants
# prior IP stays

90% 
of valproate

10-15%

Matched on indication in design phase
Fairly well balanced before matching

1 Standardized differences > 0.1 for predefined general or tailored covariates
DME = durable medical equipment, ED = emergency department, GI = gastrointestinal, 
TCA = tricyclic antidepressants, IP = inpatient 

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics
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Summary Results
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Valproate vs 
Lamotrigine

Gender
Anxiety
Bipolar disorder 
Depression
Other antidepressants
Migraine
Schizophrenia
TCA antidepressants
# prior IP stays

90% 
of valproate

10-15%

Matched on indication in design phase
Comparator patients were sicker

1 Standardized differences > 0.1 for predefined general or tailored covariates
DME = durable medical equipment, ED = emergency department, GI = gastrointestinal, 
TCA = tricyclic antidepressants, IP = inpatient 
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Meloxicam vs 
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DME
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of celecoxib
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Valproate vs 
Lamotrigine

Gender
Anxiety
Bipolar disorder 
Depression
Other antidepressants
Migraine
Schizophrenia
TCA antidepressants
# prior IP stays

90% 
of valproate

10-15%

Initiators allowed to enter cohort with 
different indications

More baseline imbalances, reflective of 
indications

1 Standardized differences > 0.1 for predefined general or tailored covariates
DME = durable medical equipment, ED = emergency department, GI = gastrointestinal, 
TCA = tricyclic antidepressants, IP = inpatient 
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Summary Results
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Exposures Covariate
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% Matched
2

using 
general predefined 

covariates

Decrease in sample after 
adding hdPS/tailored 
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Meloxicam vs 
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DME
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Peptic ulcer/GI bleed
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of celecoxib
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Valproate vs 
Lamotrigine

Gender
Anxiety
Bipolar disorder 
Depression
Other antidepressants
Migraine
Schizophrenia
TCA antidepressants
# prior IP stays

90% 
of valproate

10-15%

Matching balanced every baseline covariate 
that was included in the PS

1 Standardized differences > 0.1 for predefined general or tailored covariates
DME = durable medical equipment, ED = emergency department, GI = gastrointestinal, 
TCA = tricyclic antidepressants, IP = inpatient 
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Summary Results
Sample size

Exposures Covariate
1

imbalance 
before matching

% Matched
2

using 
general predefined 

covariates

Decrease in sample after 
adding hdPS/tailored 

covariates to predefined*
Macrolide vs 
Fluoroquinolone

Age (older) 87% 
of macrolide 

1-4%

Azithromycin vs 
Clarithromycin

# prior ED visits 100% 
of clarithromycin

0% 

Meloxicam vs 
Celecoxib

DME
Anticoagulants
Opioids
Peptic ulcer/GI bleed
# IP stays

97% 
of celecoxib

3-5%

Valproate vs 
Lamotrigine

Gender
Anxiety
Bipolar disorder 
Depression
Other antidepressants
Migraine
Schizophrenia
TCA antidepressants
# prior IP stays

90% 
of valproate

10-15%

1 Standardized differences > 0.1 for predefined general or tailored covariates        2 % of smaller exposure group
DME = durable medical equipment, ED = emergency department, GI = gastrointestinal, 
TCA = tricyclic antidepressants, IP = inpatient

1:1 matching on general 
covariates → small 
reductions in sample size

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics
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Summary Results
Sample size

Exposures Covariate
1

imbalance 
before matching

% Matched
2

using 
general predefined 

covariates

Decrease in sample after 
adding hdPS/tailored 

covariates to predefined*
Macrolide vs 
Fluoroquinolone

Age (older) 87% 
of macrolide 

1-4%

Azithromycin vs 
Clarithromycin

# prior ED visits 100% 
of clarithromycin

0% 

Meloxicam vs 
Celecoxib

DME
Anticoagulants
Opioids
Peptic ulcer/GI bleed
# IP stays

97% 
of celecoxib

3-5%

Valproate vs 
Lamotrigine

Gender
Anxiety
Bipolar disorder 
Depression
Other antidepressants
Migraine
Schizophrenia
TCA antidepressants
# prior IP stays

90% 
of valproate

10-15%

Adding variables → smaller sample
May subtly change matched pop characteristics 
Consider potential effect modification and 
impact on power to detect alerts

1 Standardized differences > 0.1 for predefined general or tailored covariates        2 % of smaller exposure group
DME = durable medical equipment, ED = emergency department, GI = gastrointestinal, 
TCA = tricyclic antidepressants, IP = inpatient

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics



20Sentinel Initiative   | 

Exposures Characteristics of 
example

Statistical alerting pattern

Macrolide vs 
Fluoroquinolone

• Short term exposure
• Used immediately
• Between class 

comparison

• 4 unique alerts in crude analyses
• 1-4 alerts across candidate general PS matched
• Alerts indicated need to modify approach to better 

capture and exclude based on pregnancy
Azithromycin vs 
Clarithromycin

• Within class 
comparison

• 3 alerts in crude analyses 
• 0 alerts after any PS matching

Meloxicam vs 
Celecoxib

• Intended chronic use 
• Older, sicker population
• High comorbidity 

(physical)

• 0 alerts in crude analysis
• 1-3 unique alerts after any PS matching
• All alerts were labeled events

Valproate vs 
Lamotrigine

• Intended chronic use 
• High comorbidity 

(mental health)
• Multiple indications

• Crude analysis 
• 85 alerts (most clearly confounded)
• 3 alerts were labeled events

• Predefined primary PS (general + hdPS)
• 7 indication related
• 1 alert related to labeled event
• 2 unclassified alerts pending further 

characterization for confounding
• Other candidate PS similar pattern

Summary Results

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics
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Limitations

• Evaluation of empirical examples only

→ Lack strong reference standard “truth” for all outcomes 
being scanned

– Why didn’t expected adverse events alert after adjustment? 

• Not strong evidence to begin with

• Warning may be effective, prescribers are not giving drug to high risk patients

• Outcome misclassification (nodes may not be sensitive/specific)

• Loss of power

– Relative ability of different PS adjusted analysis to detect true 
adverse effects depends on interplay between misspecification 
and sample size

• Bias-variance tradeoff could be further investigated with simulation

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics



25Sentinel Initiative   | 

Take home points

• Alerting pattern

– ~8,000 outcomes screened → handful of alerts after PS adjustment

– Few false positives 

– Unknown magnitude of false negatives

• Design matters

– Requiring active-comparators to match on drug indication makes 
patients more similar even when comorbidities aren’t measured well

→ fewer confounding related false alerts

– Well balanced on predefined/tailored covariates before matching

• With selection of a good active comparator, no major 
differences in alerting pattern for candidate general PS

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics
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Take home points

• Consider scalability for active surveillance/signal detection

– Predefined general covariates are risk factors for many outcomes, 
broadly relevant as confounders across the tree

– Covariates selected based on relationship to exposure may not be 
confounders for most outcomes (instruments?)

• Potentially increasing bias and variance5/decreasing power for real signals
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Easy to apply "out-of-the-box" P P X

Potential to increase variance X X

Broad proxy coverage for potential confounders not pre-specified P
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Take home points

Strong active comparator
– Within class

– Same line of therapy

– Same indication

• A lot of unmeasured potential 
confounding handled by design

Weaker active comparator
– Cross class comparison

– Different line of therapy (e.g. 1st vs 2nd)

– Different indications for use

• Consider possibility of adding more 
broad proxy adjustment 
(bias/variance tradeoff)

When should we include hdPS exposure-based selection of 
covariates in a TreeScan signal detection activity? 

It depends
Consider design choices and level of concern about remaining confounding (given 
the comparator and inclusion/exclusion criteria) versus loss of power 

Can always do both as sensitivity analyses and evaluate how the PS 
affects sample size, covariate balance and alerting patterns

Predefined general Predefined general + hdPS?

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics
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Take home points

• TreeScan with a general PS is a first pass for signal detection

– Relevant alerts should be refined with pharmacoepidemiologic 
assessment where confounding control is tailored to the specific 
outcome(s) under investigation

Signal 

Detection

Signal 

Refinement

Signal 

Evaluation

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics
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Questions?

Contact:

swang1@bwh.harvard.edu

Harvard / Brigham Division of Pharmacoepidemiology and Pharmacoeconomics
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The Scan Statistic

T = unconditional Bernoulli scan statistic 

G = node of interest

cG = cases in the treatment group for a given node

nG = cases in the reference group for a given node

p = probability of being in the treatment group (for 1:1 matched this is 0.5) 

Maro, J et al. Using tree-based scan statistics to evaluate outcomes following incident antibiotic use. Sentinel Methods Protocol.
Kulldorff, M. Drug safety data mining with a tree-based scan statistic. PDS, 2013
Kulldorff, M. TreeScan User Guide, version 1.2
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Meloxicam label
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Valproate label


