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Frontiers in Pharmacoepidemiologyp gy

Generating valid evidence on the safety and 
effectiveness of medications in routine care

Fundamental limitations of secondary data
Making better use of our data

C l l it di l d t > hd PS Complex longitudinal data > hd-PS
 Multi-level structure of data > IV analyses
 Distributed data networks > secure pooling with mv PS adj.p g j

Heterogeneity of treatment effects
Other things
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Information needed for informed drug 
t t t d  d i itreatment and coverage decisions

Effectiveness compared with active drugsEffectiveness compared with active drugs
Generalizable to a population of actual users
Large enough studies to rule out safety concernsLarge enough studies to rule out safety concerns
Large enough to study many relevant subgroups

US:US:
Medicare Part D drug coverage (MMA) dramatically 

increased the stake of the federal government
$1.1B for CER in ARRA, more in the new HC law
A new CER agency? Within AHRQ vs. stand-alone? 
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Secondary 
Healthcare 

Claims data describe

Data
Claims data describe 
the sociology of 
health care and its 

di ti irecording practice in 
light of economic 
interestsinterests

90% of PE studies

80% f C80% of CER

5J Clin Epi 2005



Is there a fundamental difference 
b t  l i  d EMR d t ?between claims and EMR data?

Claims
 Completeness of  

service recording

EMR
 Loss of out-of-network 

service informationservice recording
 Ease of linking with 

vital statistics

service information
 More clinical detail, 

incl. test results
 Lack of clinical detail
 Lack of in-hospital 

 Often more in-hospital 
information

drug use information

But both are only reflecting what was delivered
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But both are only reflecting what was delivered 
and recorded by the healthcare system



C bi i  d t  Combining data sources

Many intended drug effects will not be assessed in 
claims data in the necessary detail
 Depression scales Depression scales
 Functional improvement
 [Intention is reduction of adverse disease outcomes][ ]

Combine claims data as the data backbone with
 Electronic medical records
 Prospective registry studies
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Confounding

For confounding to occur:
1 C must be more frequent in E than in non E1. C must be more frequent in E than in non-E             

(imbalance of confounder C between exposure 
groups) and

2 C must be a close correlate or cause of D2. C must be a close correlate or cause of D, 
independent of exposure

(GI “problems”)
C

(GI problems )

RCT

E Outcome

If EITHER association 
C->E or C->O is null 
then there is NO (Coxib vs (GI bleed)
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confounding!
(Coxib vs. 

nsNSAID use)
(GI bleed)



P t ti l f Coxib GI

CA spectrum of effectiveness research

Potential for 
confounding 
by indication

Coxib GI 
event

e.g. Coxibs and 
gastric toxicity

“Effectiveness Research”

e.g. Coxibs and 
cardiac eventsC

Unintended 
effects

Intended 
effects

I t ti lit f t t t ff t b th ib

Coxib MI
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Intentionality of treatment effect by the prescriber

“Safety research”
CPT 2007



Frontier: Making better use of our data

Confounding Misclassification

Unmeasured 
Confounders

Measured 
Confounders

Design Analysis Unmeasured, but Unmeasurableg

•Restriction

•Matching

y

•Standardization

•Stratification

measurable in 
substudy

•2-stage sampl.
Design Analysis

•Regression •Ext. adjustment

•Imputation

•Cross-over

•Active 
comparator 
( t i ti )

•Proxy 
adjustment

•Instrumental 
variable

Propensity scores

•Marginal 
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(restriction) variableg
Structural Models

Schneeweiss, PDS 2006



Causal experiment (All the same but exposure)

Drug ImprovementPatient A: p

Rewind 
ti

No Drug No improvementPatient A:

time

No Drug No improvementPatient A:

11Watterson B. The Authoritative Calvin and Hobbes, p67-2



Exposure variation 
Design choice by source of exposure variation

posu e a at o
within patients

noyes

Exposure variation 
between patients

Case-crossover 
study

Exposure variation

noyes

Crossover trial
Exposure variation 
between providers

yes

Cohort study

Randomized 
controlled trial Instrumental 

variable analysis

Cluster 
randomized trial



C  t diCase-crossover studies

Why is the CCO design not more frequently used in 
PE?
 Requires rapid onset outcomes Requires rapid onset outcomes
 Requires time-varying exposure (treatment x-over)
 Requires transient drug effects -> how well can we q g

measure treatment discontinuation in our data?
 Is subject to within-person (between-time) confounding:

Decreasing health status may correlate with increasingDecreasing health status may correlate with increasing 
drug use

 Can be expanded to the case-time-control design
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Incident user cohort study design 
ith ti  iwith active comparison

Covariate assessment 
period

Follow-up period

Time

period

New drug exposure and 
beginning of follow up
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Th   f iThe power of proxies

M d f d (C) d d t iMeasured confounders (C) may serve as redundant proxies 
for unmeasured confounders (U):

UComorbidity

CAge

Trt Outcome

15
The more proxies the better…



Propensity score analyses
Goal: To identify patients with the identical likelihood of 

receiving treatment but some will actually receive treatment 
th ill tothers will not.

Estimation:
 Step 1: Estimate the propensity for treatment as a Step 1: Estimate the propensity for treatment as a 

function of observed covariates:
- mimic the prescribers decision process for treatment

if exposure is prevalent then little limitations to modeling- if exposure is prevalent then little limitations to modeling
- Predicted value is each patient’s “propensity score”

 Step 2: Use the estimated propensity score to adjust 
t t t d ltreatment model:

- quintiles, deciles of propensity score, trimming, matching etc.

Advantage: adjustment for MANY covariates even if 

16
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Limited clinical information in admin databases

---------- ID=********** dob=**/**/1948 sex=M eligdt=1/2000 indexdt=6/2001  -------------------

Service  Site of                  ___________Drug or Procedure________  ________Diagnosis_____
Date     Service  Prov Type       Code   Description                    * Code  Description   
----------------------------------------------------------------------------------------------
10/01/00 OFFICE   Family Practice 90658  INFLUENZA VIRUS VACC/SPLIT     V048  VACC FOR INFLUEN
10/01/00 Rx       Pharmacy               CIPROFLOXACIN 500MG TABLETS          10
11/05/00 OFFICE   Family Practice 17110  DESTRUCT OF FLAT WARTS, UP     0781  VIRAL WARTS     
11/07/00 Rx       Pharmacy               CIPROFLOXACIN 500MG TABLETS          10
01/15/01 Rx       Pharmacy               CIPROFLOXACIN 500MG TABLETS          10
06/25/01 OFFICE Emerg Clinic 99070 SPECIAL SUPPLIES * 84509 SPRAIN OF ANKLE06/25/01 OFFICE   Emerg Clinic    99070  SPECIAL SUPPLIES             * 84509 SPRAIN OF ANKLE 

E927  ACC OVEREXERTION
06/30/01 OFFICE   Orthopedist     99204  OV,NEW PT.,DETAILED H&P,LOW  * 72767 RUPT ACHILL TEND
06/30/01 OFFICE   Internist/Gener 99202  OV,NEW PT.,EXPD.PROB-FOCSD   * 84509 SPRAIN OF ANKLE 

OUTPT HP Anesthesiologis 01472  REPAIR OF RUPTURED ACHILLES  * 84509 SPRAIN OF ANKLE 
Hospital        27650  REPAIR ACHILLES TENDON * 84509 SPRAIN OF ANKLE p

85018  BLOOD COUNT; HEMOGLOBIN * 84509 SPRAIN OF ANKLE 
Orthopedist     27650  REPAIR ACHILLES TENDON * 84509 SPRAIN OF ANKLE 

06/30/01 OFFICE   Orthopedist     29405  APPLY SHORT LEG CAST   * 72767 RUPT ACHILL TEND
07/30/01 OFFICE   Orthopedist     29405  APPLY SHORT LEG CAST   * 72767 RUPT ACHILL TEND
08/13/01 OFFICE   Orthopedist     L2116  AFO TIBIAL FRACTURE RIGID    * 72767 RUPT ACHILL TEND

17

Can we make better use 
of this information ?



103 Empirically-
specified covariates

Investigator-specified 101

specified covariates

Investigator specified 
covariates

10

Confounding 
Factors

New Health 

Factors

18

New 
Therapeutic Outcome



High-dimensional proxy adjustmentg p y j

19Epidemiology 2009



Small sample performance

Example: 

Coxibs vs. nsNSAIDs and GI 
complications in 180 dayscomplications in 180 days

Confounder prioritization now 
with 0-cell correction (+0.1)

hd-PS2 SAS 9 2 or higherhd PS2, SAS 9.2 or higher, 
substantially improved speed 
20mins -> 2mins

20277 events110835627
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Frontier: 
S  liSecure pooling
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= DB-specific RR estimate 
adjusted for the universalDealing with heterogeneity adjusted for the universal 
propensity score (PSuniv) 

= DB-specific RR estimate 
adjusted for the local 
propensity score (PSlocal)

Dealing with heterogeneity
at

es

propensity score (PSlocal) 

R
is

k 
es

tim
a

1.0

R
el

at
iv

e 
R

Databases contributing the pooled analysis
DB1 DB3 DB4 DB5 DB6 DB7DB2

2525

= Population 
heterogeneity?

= Inadequate 
adjustment ?



I t t l i bl  lInstrumental variable analyses

An instrumental variable (IV) is an unconfounded

U

An instrumental variable (IV) is an unconfounded 
substitute for the actual treatment (Trt):

C

U

Trt OutcomeIV
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Physicians Physicians 
never treating

% of 
Patients 
treated with always treating 

with Drug A
never treating 
with Drug A

treated with 
Drug A

100 %

90 %

A  B  C …

0 %
… X  Y  Z

10 %

27

Study physicians ordered by 
proportion of Drug A prescribing

Brookhart et al. Epidemiol 2006
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Instrumental Variable Analysis:
In search for unconfounded surrogates of treatmentIn search for unconfounded surrogates of treatment 
choice

Table 5: Risk differences for GI complications and acute MI during 60, 120, and 180 days after the 
start of selective COX2 inhibitor therapy compared with all non-selective NSAIDs.  
 

 Conventional Multivariate Adjusted 
Analysis (OLS)† 

Instrumental Variable Adjusted 
Analysis (IV)† 

  

Risk Difference of 
GI complication 

(95% CI) ‡ 

Risk Difference of 
Acute MI 
(95% CI)  

Risk Difference of 
GI complication 

(95% CI)  

Risk Difference of 
Acute MI 
(95% CI)  

CCelecoxib   

60 days -0.13 (-0.30;0.03) 0.15 (0.00; 0.29) -1.07 (-2.07; -0.07)* -0.10 (-0.94; 0.73) 

120 days -0.18 (-0.40; 0.04) 0.33 (0.14; 0.52) -1.63 (-2.91; -0.35)* -0.22 (-1.32; 0.88) 

180 days -0.18 (-0.43; 0.07) 0.34 (0.10; 0.57) -1.42 (-2.89; 0.04)** -0.68 (-2.01; 0.64) 

Rofecoxib     

60 days 0.10 (-0.11; 0.30) 0.15 (-0.01; 0.31) -1.12 (-2.15; -0.10)* -0.27 (-1.17; 0.62) 

120 days 0.07 (-0.20; 0.33) 0.32 (0.09; 0.54) -1.12 (-2.52; 0.28)** 0.40 (-0.86; 1.66) 

180 days 0 11 ( 0 19; 0 41) 0 30 (0 03; 0 58) 1 13 ( 2 71; 0 45) 0 71 ( 0 80; 2 23)

29

180 days 0.11 (-0.19; 0.41) 0.30 (0.03; 0.58) -1.13 (-2.71; 0.45) 0.71 (-0.80; 2.23)

* p <0.05; for these analyses the C-statistic test indicated significant difference between the conventional 
multivariate analysis and the IV analysis, preferring the IV analysis. 

** 0.05< p <0.1; for these analyses the C-statistic test indicated a borderline significant difference between 
the conventional multivariate analysis and the IV analysis, preferring the IV analysis

Brookhart Epidemiology 2006



Frontier: 
T t t ff t h t itTreatment effect heterogeneity

30Kravitz Milbank 2004



T t t ff t h t itTreatment effect heterogeneity

Let’s not limit ourselves to average treatment 
effects

L l ti b d DB id th t itLarge population-based DBs provide the opportunity 
to study / explore many subgroups
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Calibration by 
mimicking RCT pops

Exploration of 
h t itmimicking RCT pops heterogeneity

32
Med Care 2007



… and more Exploration
1st screening1st screening

Hundreds of patient factors

Clustering of factors

O i kOutcome risk score

33
Cai 2009 pers. commun Outcome risk score at baselineOutcome risk score at baseline



Frontier: 
C i ti  B fit  d Ri kCommunicating Benefits and Risks

34A&R 2006



Frontier:    Investigator errorg

Reviewer oversightReviewer oversight

35



Basic Design Consideration
Yes

Consider case-crossover designMeaningful exposure variation within patients?Basic Design Consideration

Cohort study
(case-control, case-cohort sampling) 

no

g p p

Exposure/outcome considerations

Exposure definition Outcome Definition

Comparison group considerations Clinical meaningfulness

Incident user design considerations Specificity and sensitivity of measurement 

Exposure risk window considerations Case validation necessary?

Subgroup Analysis ? Subgroup definition

Prior pharmacology knowledge

Yes

36

Prior clinical Knowledge

Schneeweiss, PDS 2010 in press



Defining covariates based
on clinical knowledge

Defining additional covariates empirically 
(hi h di i l  dj )

Balancing Patient Characteristics 

(high-dimensional proxy adjustment)

Demonstrate covariate distributions by 
treatment group with RDs and 95% CIs

Collect additional information in subpop
Supplemental covariate information required 
that is not available in primary data source?

Collect additional information in subpop.
• 2-stage sampling       
• External data source 

-(PS Calibration)
- Multiple imputation

Yes

Propensity score (PS) analysis Missing covariate values in EMRs? Multiple imputation 

Estimating propensity score

Yes

Explore effect measure 
modification by PS: tabulate RR, 

RD for each PS stratum

Graphically explore PS 
distribution by treatment group

Yes
Effect measure modification by PS?

•Stratify by PS deciles            
•Match on PS (1:1, 1:n, 1:n:m)

Trim 5% of patients on each end of 
PS distribution or match by PS

Match on PS (1:1, 1:n, 1:n:m)

Demonstrate covariate balance by treatment 
group with RDs and 95% CIs



Statistical analysis*
Calculate risk difference (RD) and 

risk ratio (RR); 
95% confidence intervals (CIs) for main result  95% confidence intervals (CIs) for main result. 
Report person-time (p-t), number of events

Subgroup analysis
Calculate RR, RD for 

each subgroup
Include time since initiation as subgroup

Dose-response analysis

Repeat analyses after changes in:
• Definition of “incident users”
• Definition of exposure risk window

Sensitivity Analyses

• Outcome definition if appropriate

Explore changes in effect estimates after
making structural assumptions about
unmeasured confounders

Report

38

*For illustration purposes only an analysis after PS matching is shown. 



There are not only frontiers:
D ’t f t th  b iDon’t forget the basics
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Incident User Design
RR for infection leading to 
hospitalization (Askling 2007)

tio
n 

ou
s 

R
R

)
az

ar
d 

fu
nc

t
ns

ta
nt

an
eo

Time since start of exposure

H
a

(in

Can better assess time-varying hazard functions
Can better study adverse effects shortly after

40

Can better study adverse effects shortly after 
treatment start 

Ray AJE 2004



New drug on the block
rs

 in
 

100%
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Newly marketed drug

P
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tio

n 

Calendar time

P p

Old drug

Time of new drug 
approval

41Schneeweiss, PDS 2010 in press



PS matching and Incident user design

Propensity score analysis and incident user design 
go hand in handgo hand in hand

Exposure assessment before start of follow-up        
-> no immortal person time bias no immortal person time bias

Covariate assessment before start of follow-up        
-> no adjustment for intermediates

42



Th  hi  f l t  f llThe hic-ups of long-term follow-up

43



Ob tiObservations

Confounding control techniques are improving butConfounding control techniques are improving but 
doubts will remain

Need to provide the relevant metrics for benefit-risk 
assessment

Need better approaches for assessing and exploring 
t t t ff t h t ittreatment effect heterogeneity 

Produce diagnostics and sensitivity analyses to 
improve the ability to review findingsimprove the ability to review findings
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Concerns

More affordable data will result in more researchersMore affordable data will result in more researchers 
with less training producing more findings
 Get basics right
 Make better use of the richness of healthcare data by 

using the right methods the right way
 More transparency of analyses for fast and thoroughMore transparency of analyses for fast and thorough 

review
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Hopes

 Increased PE activities will result in better informed Increased PE activities will result in better informed 
decision making

More affordable data and increased public funding p g
will result in a broader research agenda

CAPT but also ISPE has the brain power to 
b t ti ll t ib t t th i i i i CEsubstantially contribute to the issues arising in CE
 Teaching & training
 Methods development Methods development
 Exemplary studies
 Translation of findings

46
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Flow chart for basic high-dimensional  propensity score algorithm. 
 
 

1. Specify data sources 
Define p data dimensions; use data stream of 180 days up to the initiation of study exposure. This 

Investigator spe-
cified covariates  

 
 
 
 
 

includes diagnoses on the day of initiation but no drugs or procedures on the day of initiation. 
Exclude selected codes from covariate adjustment 
Base case: p = 8 

1 2 3 4 5 6 7 8 
MC Part A* 

Hosp Dx 
MC Part A  
Hosp proc 

MC Part A 
Amb Dx 

MC Part A 
Amb proc 

MC Part A 
Nurse Home 

Part B 
Dx 

Part B 
Proc 

Drugs 
generic 

Age, sex, race, 
year 

Demographics 

Predefined 
 
 
 
 
 2. Identify empirical candidate covariates 

Hosp Dx 
(ICD-9) 

Hosp proc 
(ICD-9) 

Amb Dx 
(ICD-9) 

Amb proc 
(ICD-9) 

Nurse Home 
(ICD-9) 

Dx 
(ICD-9) 

Proc 
(CPT-4) 

generic 
entities 

* MC = Medicare, Hosp = hospital, Amb = ambulatory, Dx = diagnosis, proc = procedure, Rx = prescription dispensings 
Hx, Dx, Rx, Procs 

Predefined 

 
 
 
 
 
 

Within each data dimension sort by prevalence of codes. Identify the n most prevalent codes. 
Base case: n= 200; Granularity = 3 digit ICD-9, 5 digit CPT, generic drug name. 

3. Assess recurrence 
 
 
 
 
 

3. Assess recurrence 
For each identified code create three covariates: 
CovX_once = 1 if that code appeared at least once within 180 days  
CovX_sporadic = 1 if code appeared at least twice 
CovX_frequent = 1 if code appeared at least three times.  

 

4. Prioritize covariates 
Within each data dimension calculate for each covariate the possible amount of confounding it could adjust 
in a multiplicative model given a binary exposure and outcome after adjusting for demographic covariates: 
Biasmult = 1)1(1 CDC RRP  if RRCD 1, 1)1( 1

1 
CDRRCP  otherwise. Sort in descending order. 
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mult
1)1(0 CDC RRP

CD ,
1)1( 1

0 
CD

CD

RRCP
g

5. Select covariates 
Add d demographic covariates from step 1 and l predefined covariates in the top positions. Select top k 

Schneeweiss, Epidemiol 2009



 
 
 
 

4. Prioritize covariates 

_ pp y
CovX_sporadic = 1 if code appeared at least twice 
CovX_frequent = 1 if code appeared at least three times.  

 

Within each data dimension calculate for each covariate the possible amount of confounding it could adjust 
in a multiplicative model given a binary exposure and outcome after adjusting for demographic covariates: 
Biasmult = 

1)1(
1)1(

0

1




CDC

CDC

RRP
RRP  if RRCD 1, 

1)1(
1)1(

1
0

1
1





CD

CD

RRC

RRC

P
P  otherwise. Sort in descending order. 

 
 
 
 
 

5. Select covariates 
Add d demographic covariates from step 1 and l predefined covariates in the top positions. Select top k 
empirical covariates from step 4. Optional, include multiplicative 2-way interactions for d demographic and l 
predefined covariates with the top 20 empirical covariates. 
Base case: d = 4 (age  sex  race  year); l = 14; k= 500  
 
 
 
 
 

Base case: d  4 (age, sex, race, year); l  14; k  500 

6. Estimate exposure propensity score  
Estimate propensity score using multivariate logistic regression, including all d + l + k  covariates.  
Truncate 5% of patients on either end of PS distribution and form deciles. 
 
 

7. Estimate outcome model  
Estimate exposure-outcome association adjusted for propensity score deciles as well as PS weighted.  

49Schneeweiss, Epidemiol 2009



The hd-PS SAS macro.
The hd PS SAS macro can be downloaded at www drugepi org links downloads

hd-PS

The hd-PS SAS macro can be downloaded at www.drugepi.org … links … downloads.

 
EXAMPLE CODE 
%include "/path/to/macro/directory/hdps.mcr"; 
 
Title1 'High-dimensional propensity score adjustment'; 
Title2 '(study description)'; 
 
%RunHighDimPropScore ( 
 var_patient_id  = id, 
 var_exposure = exposed, 

var outcome = outcomevar outcome = outcome,
 vars_demographic = age sex race, 

vars_force_categorical = year, 
 top_n = 200, 
 k = 500, 
 trim_mode = BOTH, 
 percent_trim = 5, 

input cohort master file input cohort = master file,
 input_dim1 = drug_claims           generic_name, 
 input_dim2 = outpatient_diagnoses  icd9_dx, 
 input_dim3 = inpatient_diagnoses   icd9_dx, 
 input_dim4 = inpatient_procedures  icd9_proc, 
 input_dim5 = outpatient_procedures cpt, 
 output_scored_cohort = scored_cohort, 

output detailed detailed cohort output detailed = detailed cohort,
 results_estimates = estimates, 
 results_diagnostic = variable_info 
); 
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Table 1: Characteristics of 49,653 initiators of selective COX-2 inhibitors or 

non-selective (ns) NSAIDs as defined during 6 months prior to first medication 
use. 

I iti t f

Example:

Cohort study on
 

Initiators of 
Cox-2 selective 

NSAIDs 
Initiators of 
nsNSAIDs   

 N % N % OR* 95% CI 
N 32,042  17,611    

A 75 ld 24 079 75% 11 496 65% 1 61 1 545 1 674

Cohort study on

Coxibs vs. 
nsNSAIDs and risk 
f GI li ti Age75 years or older 24,079 75% 11,496 65% 1.61 1.545-1.674

Sex, % female 27,528 86% 14,293 81% 1.42 1.348-1.487 

Race:  white 30,583 95% 15,808 90% 2.39 2.23-2.57 

 black 1,133 4% 1,580 9% 0.37 0.34-0.403 

other 326 1% 223 1% 0.80 0.68-0.95

of GI complications 
in 180 days

 other 326 1% 223 1% 0.80 0.68 0.95

Charlson comorbidity score >= 1 24,343 76% 12,521 71% 1.29 1.233-1.340 

Use of >4 distinct drugs in prior year 24,120 75% 11,852 67% 1.48 1.421-1.541 

>4 physician visits in prior year 22,919 72% 11,363 65% 1.38 1.328-1.437 

Hospitalized in prior year 9,804 31% 4,591 26% 1.25 1.200-1.303 

Nursing home resident 2,671 8% 996 6% 1.52 1.407-1.635 

Prior use of gastroprotective drugs 8,785 27% 3,600 20% 1.47 1.407-1.536 

Prior use of warfarin 4,252 13% 1,153 7% 2.18 2.041-2.337 

Prior use of oral steroids 2,800 9% 1,373 8% 1.13 1.059-1.211 

History of OA 15 549 49% 5 898 33% 1 87 1 802 1 945History of OA 15,549 49% 5,898 33% 1.87 1.802-1.945

History of RA 1,602 5% 476 3% 1.90 1.707-2.102 

History of peptic ulcer disease 1,189 4% 426 2% 1.55 1.389-1.739 

History of gastrointestinal hemorrhage 551 2% 196 1% 1.55 1.319-1.831 

History of hypertension 23 332 76% 12 363 70% 1 14 1 092-1 184

51

History of hypertension 23,332 76% 12,363 70% 1.14 1.092 1.184

History of congestive heart failure 9,727 30% 4,328 25% 1.34 1.283-1.395 

History of coronary artery disease 5,266 16% 2,603 15% 1.13 1.078-1.193 
* OR = odds ratio; CI = confidence interval 



Table 3: Variations in covariate adjustment and relative risk estimates for the association of selective cox-2 inhibitors 

and GI complications within 180 days of first medication use. 

M
od

el
 #

 

Covariates included in 
propensity score model 

Number of 
covariates 
adjusted 

Variables 
tested 

per data 
source 

Data source 
granularity 

Covariate 
prioriti-
zation 

algorithm

c-
statistic 

of PS 
model 

Outcome 
model 

Relative 
risk 

 
95% CI 

    N = 49,653 

1 Unadjusted     - 1.09 0.91-1.30 

2 Age, sex, race, year** d=4    0.61 1.01 0.84-1.21 

3 + predefined covars (Tab1) d=4; l=14    0.66 0.94 0.78-1.12 

4 + empirical covariates  d=4;l=14;k=200 n=200 3-digit ICD Biasmult 0.69 0.86 0.72-1.04 

5* + empirical covariates  d=4;l=14;k=500 n=200 3-digit ICD Biasmult 0.71 0.88 0.73-1.06 

     Bootstrapped 95% CIs: 0.73-1.06 

5b Only demographics + 
empirical covariates d=4; k=500 n=200 3-digit ICD Biasmult 0.71 0.87 0.72-1.05 

 

52

No further improvement by adding quadratic terms
No further improvement by adding 2-way, 3-way, and 4-way interactions



Performance of different adjustment procedures, 
including hd-PS adjustment
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… and hd-PS adjustment alone
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Kitchen sink models and the risk of 
collider-stratification bias

UIVU U

Trt Outcome

UIVU

C

U

Outcome

M bias confounding is usually considered weak

Trt Outcome

M-bias confounding is usually considered weak
Z-bias is a bit more likely: conditioning on treatment 

will open a back-door path and an IV-like variablewill open a back door path and an IV like variable 
will become a confounder 

Do we need variable un-selection?

5555

Greenland, Epidemiol 2003

Brookhart, Schneeweiss et al. AJE 2006



Arthritis
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C  I h dConcerns I heard
 “Over-adjustment”
 Not to confuse with over-adjustment in case-control studies
 Consider RR estimates: 0.5 -> 0.8 -> 1.0 -> 1.2

Th ti ll i bl A b d k l ? Theoretically conceivable. Anybody knows an example?

M-bias, Z-bias -> sensitivity analysis
Adjusting for intermediatesAdjusting for intermediates
 “overfitting of PS model”, can’t find any matches 

anymoreanymore
 “not transparent”
 “a job-loss program for pharmacoepidemiologists”
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Small sample performance

Example: 

Coxibs vs. nsNSAIDs and GI 
complications in 180 dayscomplications in 180 days

50 random samples, but margins stable:

58277 events110835627



Small sample performance

Example: 

Coxibs vs. nsNSAIDs and GI 
complications in 180 dayscomplications in 180 days

Confounder prioritization now 
with 0-cell correction (+0.1)

hd-PS2 SAS 9 2 or higherhd PS2, SAS 9.2 or higher, 
substantially improved speed 
20mins -> 2mins

59277 events110835627


